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Résumé

La simulation des inondations repose souvent sur des modèles hydrodynamiques bidimen-
sionnels (2D), qui doivent être soigneusement calibrés et validés à l’aide d’événements
d’inondation passés aőn de garantir la précision des prévisions futures. Le coefficient de
rugosité est un élément essentiel de ce processus de calibration, car il inŕue considérable-
ment sur les profondeurs d’eau et les vitesses dans le modèle. Dans le lit mineur, les
modèles hydrodynamiques sont calibrés à l’aide de données chronologiques provenant de
stations de jaugeage. Mais pour les plaines d’inondation, la distribution spatiale du coeffi-
cient de rugosité est souvent mal connue et généralement déduite à partir de l’occupation
des sols, associée à des valeurs empiriques tirées du jugement d’experts. La calibration des
modèles hydrodynamiques pourrait bénéőcier de l’intégration du maximum de données
d’observation disponibles.

Dans ce contexte, la télédétection par satellite peut être exploitée comme une source
précieuse d’informations. L’imagerie par radar à synthèse d’ouverture (SAR), en par-
ticulier, est capable de détecter les étendues d’eau de surface même sous la couverture
nuageuse, ce qui la rend très adaptée à la surveillance des inondations. Cette thèse
vise à développer une méthodologie pour calibrer les coefficients de rugosité des plaines
d’inondation dans les modèles hydrodynamiques 2D, en tirant parti des observations
dérivées des satellites.

La première étape vise à récupérer des informations à partir des observations satelli-
taires pour calibrer les modèles d’inondation. Ainsi, cette thèse propose une évaluation
de l’extraction des cartes d’étendue des inondations et des champs de profondeur d’eau à
partir de l’imagerie SAR, ainsi qu’une évaluation approfondie des incertitudes associées,
découlant des choix de méthodes et de leurs hyperparamètres. Les cartes d’inondation
observées doivent être comparées au modèle hydrodynamique aőn de le calibrer. Nous
avons développé une méthodologie pour guider la sélection d’une mesure de performance
appropriée aőn de comparer les étendues d’inondation simulées et observées. Finalement,
les observations incertaines dérivées des images satellites SAR sont combinées avec le mod-
èle hydrodynamique grâce à des techniques d’assimilation de données, aőn d’améliorer la
calibration des coefficients de rugosité variables dans l’espace sur les plaines d’inondation.

En combinant les données de télédétection, la quantiőcation des incertitudes et la
modélisation hydrodynamique, cette recherche fournit une approche pour améliorer la
calibration des modèles d’inondation, avec le potentiel de renforcer la prévision des inon-
dations et les pratiques de gestion des risques.
Mots-clés : Modélisation des inondations, Observations satellitaires, Assimilation de
données, Quantiőcation d’incertitude, Mesures de performance, Rugosité
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Abstract

Flood simulation commonly relies on two-dimensional (2D) hydrodynamic models, which
must be carefully calibrated and validated using past ŕood events to ensure accurate fore-
casting. A critical component of this calibration process is the spatial distribution of the
roughness parameter, which signiőcantly inŕuences simulated water depths and velocities.
In the minor bed, the hydrodynamic models are calibrated using time-series data from
stage-gauging stations. For ŕoodplains, few data are available, and the roughness spa-
tial distribution is often poorly known and typically inferred from land-use classiőcations
using empirical values drawn from expert judgment. Hydrodynamic models’ calibration
could beneőt from incorporating the maximum available observational data.

In this context, satellite remote sensing can be leveraged as a valuable source of infor-
mation. Synthetic Aperture Radar (SAR) imagery, in particular, is capable of detecting
surface water extents even under cloud cover, making it highly suitable for ŕood mon-
itoring. This thesis aims to develop a methodology to calibrate ŕoodplain roughness
coefficients in 2D hydrodynamic models, leveraging satellite-derived observations.

The őrst step aims to recover information from the satellite observations to calibrate
the ŕood models. Thus, this thesis proposed an evaluation of the extraction of ŕood extent
maps and water depth őelds from SAR imagery, along with an evaluation of the associated
uncertainties arising from method choices and hyperparameter settings. The ŕood extent
maps should be compared with the hydrodynamic model to calibrate it. We developed
a step-by-step methodology to guide the selection of appropriate performance measures
to compare simulated and observed ŕood extent maps. Then, the uncertain SAR-derived
ŕood observations are integrated into the hydrodynamic modeling framework through
data assimilation techniques to enhance the calibration of spatially distributed roughness
coefficients on ŕoodplains.

By combining remote sensing data, uncertainty quantiőcation, and hydrodynamic
modeling, this thesis proposes an approach to enhance ŕood model calibration, with the
potential to improve ŕood forecasting and risk management practices.
Keywords: Flood modeling, Satellite observations, Data Assimilation, Uncertainty Quan-
tiőcation, Performance measures, Roughness
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1.1 General context

Fluvial ŕoods occur when water overŕows the banks of a river or breaks through levees,
resulting in water in adjacent ŕoodplains. While these ŕoods (especially morphogenic
ŕoods with a low return period of one to two years) are necessary for sustaining natu-
ral habitats, generating electricity, or supporting irrigation, they are also qualiőed as a
negative natural hazard when excessive ŕow occurs. Major ŕood events (e.g., Western
and Central Europe in July 2021, Pakistan in 2022, and Spain in October 2024) impact
millions of people and result in economic losses of tens of billions of euros [Jongman et al.,
2012]. The frequency and intensity of ŕoods have increased due to climate change, and
this phenomenon is expected to intensify [Zhongming et al., 2021]. Estimates suggest that
the number of people exposed to ŕooding with an annual probability above 0.01 will rise
from 800 million in 2010 to 1 billion in 2050 [Jongman et al., 2012]. Therefore, reducing
the negative impacts and adapting to this phenomenon is essential.

Numerical models are valuable tools for estimating ŕood dynamics, including water
depth, velocity, and ŕood extent, by solving ŕuid motion equations. These models are
essential for ŕood forecasting, for generating representative distribution of ŕood scenarios
with various inŕows. Fluvial ŕood modeling typically relies on one-dimensional or two-
dimensional numerical models solving the Shallow Water Equations. Due to advances in
high-performance computing and the availability of detailed data, most ŕood modeling
studies now rely on two-dimensional models to better capture ŕoodplain ŕows. The water
depth should be predicted with a precision of up to tens of centimeters at most, as
small differences in predicted water depth can lead to signiőcant changes in ŕood extent,
particularly in areas with ŕat topography. Then, using high-precision and high-resolution
topographic data is essential. Fewtrell et al. [2008] and Savage et al. [2016] advocate for
ŕood models with a spatial resolution ranging from 2-10 m in urban environments and
10-100 m in rural ŕoodplains.

14
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Despite the signiőcant improvement in computational resources and the accuracy of
numerical models, epistemic uncertainties due in particular to the turbulent nature of wa-
terŕows limit the performance of hydraulic models. The primary sources of uncertainties
in these models are: i) the model inputs (inŕow at the upstream, initial conditions, topog-
raphy, and bathymetric data), ii) the mesh discretization, iii) the accurate representation
of physical processes, iv) the values of the roughness parameter, and v) the number and
precision of observations of ŕood events to calibrate the model and validate its perfor-
mance [Bates et al., 2014]. To enhance the forecasting capacity of these models, they are
calibrated using observations of past events. The model’s input and parameters, including
boundary conditions, turbulence models, roughness, and hydraulic conductivity, can be
calibrated. While a range of parameters and inputs can be calibrated based on observa-
tions, the usual calibrated parameter is the spatial distribution of roughness (representing
the resistance opposing the ŕow because of vegetation, buildings, skin roughness, etc.),
impacting water depth and velocities (see Figure 1.1). Indeed, a common assumption is to
use a őxed discretization and a predeőned representation of physical processes. In instru-
mented areas, it is also typically assumed that model inputs, such as inŕow hydrographs,
topographic, and bathymetric data, are measured with low uncertainty.

Figure 1.1: Water depth on a two-dimensional simulation with two spatial
conőgurations of the roughness parameter.

Parameterizing and calibrating roughness in ŕoodplains is challenging because it can-
not be directly measured in the őeld. Consequently, the roughness and its spatial distribu-
tion are largely unknown beforehand. Although indirect measurements, expert judgments,
and land use data constrain the range of the parameters based on tabulated values [Chow,
1959; Arcement and Schneider, 1989; Barnes, 1967], calibration is required to optimize the
discrepancy between the model and observed data. Most factors (e.g., vegetation resis-
tance, microtopography effects) contributing to the resistance to ŕow are unmeasurable.
Therefore, the calibration of this parameter does not represent only the łtruež physical
value of the roughness but also compensates for the other errors in the input and val-
idation data (e.g., observation errors, inlet discharge, topographic measurement errors,
mismatch between the simpliőed model hydraulic processes and truth).

Riverbed roughness is typically calibrated using stage-gauging stations along the chan-
nel, which measure water depth regularly. However, these data are often sparse, especially
in remote areas with ungauged catchments. Furthermore, the number of stage-gauging
stations has declined in Europe since the 1980s [Crochemore et al., 2020], hindering our
capacity to calibrate numerical models. While stage-gauging stations provide informa-
tion to calibrate the roughness in the minor bed, few observations are available for the
ŕoodplains.

In the last őve decades, the number of satellites orbiting the Earth has skyrocketed
(around 2,200, with more than 150 dedicated to Earth Observation), providing a unique
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opportunity to capture łphotographsž of the Earth to monitor natural disasters such as
ŕoods (see Figure 1.2). Satellite imagery can be a crucial source of information for human-
itarian relief and decision-makers during ŕoods, providing near-real-time ŕooding maps
and enhanced predictions for future ŕoods [Voigt et al., 2016]. Emergency mechanisms
initiated by major space agencies, such as the Copernicus Emergency Management Ser-
vice of the European Commission [Copernicus, 2022], or the łSpace and Major Disastersž
[Bessis et al., 2004], provide satellite data and near real-time products for emergency
relief during ŕoods including the Global Flood Monitoring product, which is based on
Sentinel-1 data integrated into the Global Flood Awareness (GloFAS) System [Salamon
et al., 2021].

Figure 1.2: (a) Optical satellite image (MODIS mission) in Bangladesh before ŕood on
June 5 (left) and during ŕood on July 25 (right) 2022, (b) Radar satellite image
(Sentinel-1 mission) before ŕood on January 16 (left) and during on February 3 (right)
2021 over the Garonne River.

Satellite data can enhance both the calibration (e.g., the roughness of ŕoodplains)
and the validation of hydraulic models [Grimaldi et al., 2016; Wood et al., 2016]. This
information includes raw satellite measurements [Cooper et al., 2019], point-wise water
depth with altimeters [Domeneghetti et al., 2014, 2015], ŕood extent derived from optical
or SAR satellites [Lai et al., 2014; Hostache et al., 2018; Dasgupta et al., 2021b], water
depth extracted from ŕood extent [Hostache et al., 2009; Mason et al., 2009a], or inter-
ferometric measurements of water depth changes over time with SAR data [Alsdorf et al.,
2001]. A key challenge is integrating satellite observations into the modeling process while
accounting for their uncertainties. The aim is to őnd the best compromise between the
prior values of the parameters on the ŕoodplains and the information provided by these
uncertain observations.

1.2 Industrial context

EDF is an international company that produces, distributes, and supplies electricity. EDF
generates most of its electricity from nuclear power plants and renewable sources. Nuclear
power plants are generally located by the sea or a river, providing access to a source of
cold water for the cooling process via a pumping system. However, this also means that
the plants are exposed to external ŕoods (ŕoods with origins outside the nuclear power
plant installations). For over two decades, the LNHE, a department of EDF R&D, has
been at the forefront of reinforcing nuclear safety against external ŕoods.

An illustrative example of this challenge occurred during the Martin storm in Decem-
ber 1999, when part of the Blayais nuclear power plant was ŕooded. Following this event,
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the ŕood risk for nuclear plants was requaliőed, and signiőcant improvements were made,
including raising the elevation of protective dikes, as shown in Figure 1.3.

Figure 1.3: Aerial view of the Blayais nuclear power plant with its four production units
and the protective dikes. Credit: Didier Marc.

EDF must demonstrate the effectiveness of safeguards against the threat of external
ŕooding at nuclear facilities. Since 2013, a new guide, prepared in collaboration between
the French ASNR, the operators of nuclear power plants, and research organizations,
describes the doctrine of nuclear safety against external ŕooding [Autorité de Sûreté
Nucléaire, 2013]. This guide deőnes eleven reference ŕooding scenarios and provides rec-
ommendations for evaluating these risks, particularly in the case of rare (usually with
a frequency of occurrence of the order of 10−4) but severe events. This guide proposes
guidelines for characterizing these extreme phenomena while accounting for uncertain-
ties related to the characterization of such hazards. For instance, the quantiőcation of
roughness in hydraulic models plays a crucial role in three of the eleven reference ŕood-
ing scenarios: łLarge watershed ŕoodingž (CGB), łSea levelž (NMA), and łFailure of a
water-retaining structurež (ROR).

In this context, the MOISE project aims to improve EDF’s approaches for characteriz-
ing extreme ŕooding phenomena. This includes developing the state of the art, identifying
new methodologies, and applying them for safety demonstrations. This thesis is funded
by the MOISE project.

1.3 Scope of the thesis

To ensure that the current ranges of ŕoodplain roughness parameters used in ŕood engi-
neering studies are accurate, calibration should be supported by the maximum amount of
observed data. Satellite observations can be leveraged to extract ŕood extent maps or wa-
ter depth őelds (spatially distributed data) during a ŕood, and then used as observations
for calibrating the model. This thesis aims to develop a methodology for characterizing
the roughness coefficients of 2D hydrodynamic models to simulate extreme ŕoods, using
uncertain satellite observations. To achieve this, the manuscript focuses on answering the
following research questions.
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Research Questions

1. What information can be derived from satellite observations to calibrate 2D
ŕood models, and how accurately can it be quantiőed?

2. How can the agreement between a satellite observation and a simulation be
quantiőed?

3. Is it possible to calibrate ŕoodplain roughness in 2D hydrodynamic models
using uncertain satellite observations?

Various methods from the literature are tested to extract ŕood extent maps and wa-
ter depth őelds from satellite observations, while quantifying their uncertainties. The
inŕuence of satellite image preprocessing is evaluated, as well as the impact of method
selection and hyperparameter settings on the accuracy of extracted ŕood maps and water
depth estimates. The extracted ŕood extent maps from satellite observations should be
compared with the outputs of the hydrodynamic model. Thus, we developed a step-by-
step methodology to guide the selection of appropriate performance measures to compare
simulated and observed ŕood extent maps. Then, DA techniques are employed to combine
uncertain prior information on ŕoodplain roughness with the uncertain satellite observa-
tions. The satellite observations (e.g., ŕood extent maps) are assimilated to quantify the
posterior distribution of the roughness distribution. The objective is to evaluate the va-
lidity of current practices for parameterizing ŕoodplain roughness. Speciőcally, the goal
is to determine whether uncertain satellite observations and the extracted uncertain wa-
ter depth őelds or ŕood maps can be used to improve the quantiőcation of uncertain
roughness parameters in 2D ŕood models.

1.4 Outline of the manuscript

The manuscript is organized as follows:

• Chapter 2 introduces the governing equations of 2D ŕood modeling, especially the
SWE, focusing on the roughness term that we aim to calibrate. This chapter also
presents the theoretical background of satellite observations and their current ap-
plications in ŕood modeling.

• Chapter 3 describes the theoretical basis behind UQ and DA methods used in geo-
sciences and in this manuscript.

• Chapter 4 provides an overview of ŕood mapping approaches for extracting ŕood
extent and water depth from satellite observations. This study uses SAR imagery to
evaluate various preprocessing (especially speckle noise reduction), ŕood mapping,
and water depth estimation methods. The impact of the choice of method at the
different steps and their hyperparameters are evaluated.

• Chapter 5 reports a step-by-step methodology to guide the selection of performance
measures to compare numerical simulations of a ŕood event with a satellite image
for model calibration or validation.

• Chapter 6 combines Chapters 4 and 5 insights to assimilate ŕood maps derived from
satellite observations with various performance measures to calibrate the spatially
varying roughness in a 2D ŕood model.
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• Chapter 7 aims to assimilate water depth őelds derived from satellite observations
(instead of ŕood maps) to calibrate a spatially varying roughness őeld.

• Chapter 8 summarizes the main conclusions of the manuscript and proposes perspec-
tives to enhance the integration of satellite observations in ŕood modeling studies.

1.5 Scientific productions

Several scientiőc contributions were made during this thesis, including published articles,
conference papers, presentations, and a popularization article.

One article was published in Water Resources Research international peer-reviewed
journal:

• Travert J.-P., Boyaval S., Goeury C., Bacchi V., Zaoui F. (2025). Evaluation of
performance measures for comparing ŕood models with satellite observations. Water
Resources Research, 61, e2024WR038506 (https://doi.org/10.1029/2024WR038506).

Two articles are under revision in Natural Hazards and Earth System Sciences and
Applied Ocean Research international journals:

• Travert J.-P., Goeury C., Boyaval S., Bacchi V., Zaoui F. (2025). Evaluating
the effects of preprocessing, method selection, and hyperparameter tuning on SAR-
based ŕood mapping and water depth estimation.

• Thiébot J., Goeury C., Travert J.-P., Sebastian A., Salomon J. (2025). The
contribution of sensitivity analysis and data assimilation to tidal-stream resource
assessment: the example of the Alderney Race, Under Review

Two articles were submitted:

• Travert J.-P., Boyaval S., Goeury C., Bacchi V., Zaoui F. (2025). Data assimila-
tion of ŕood maps in a 2D ŕood model for different performance measures

• Sebastian A., Thiébot J., Goeury C., Travert J.-P., Poizot E., Gregoire G. (2025).
Automatic Calibration and Simultaneous Estimation of Bottom Friction and Open
Boundary Conditions in a Tidal Model

Two conference papers were submitted and presented at the Telemac User Conference
international meeting in 2023 and 2024:

• Travert J.-P., Goeury C., Bacchi V., Zaoui F., Boyaval S. (2023) Comparing data
assimilation algorithms for parameter estimation on TELEMAC-2D, Proceedings of
the XXIXth TELEMAC Users Conference 12-13 October 2023

• Travert J.-P., Goeury C., Bacchi V., Zaoui F., Boyaval S. (2024) Inŕuence of
3D-VAR Dissimilarity Measure on Flood Model Calibration with Satellite Data,
Proceedings of the XXXth TELEMAC Users Conference 08-10 October 2024

Two posters were presented during international meetings:

• Travert J.-P., Goeury C., Bacchi V., Zaoui F. and Boyaval S. (2023) Flood twin
experiment for estimating the potential of satellite observations in shallow-water
simulations, EGU General Assembly Conference Abstracts, pp. EGU-17379.

https://doi.org/10.1029/2024WR038506
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• Travert J.-P., Goeury C., Bacchi V., Zaoui F. and Boyaval S. (2023) Flood twin
experiment for evaluating the potential of satellite data in shallow-water simulations,
40th IAHR World Congress ’Rivers - Connecting Mountains and Coasts’ 21-25th
August 2023

Two presentations were delivered at the SimHydro and IAHR Europe conferences:

• Travert J.-P., Goeury C., Bacchi V., Zaoui F. and Boyaval S. (2023) Mapping of
roughness zones in 2-D hydraulic models with satellite observations, SimHydro 2023

• Travert J.-P., Goeury C., Bacchi V., Zaoui F. and Boyaval S. (2023) Parameteri-
zation of Roughness Distribution on Floodplains in 2D Shallow-Water Simulations,
8th IAHR Europe Congress, Lisbon 4-7 June 2024
This presentation received a special mention for the Gerhard Jirka Award for Young
Researchers 2024, recognizing the best presentation given by a Young Professional
during the biennial IAHR Europe Division Congress (https: // www. iahr. org/
index/ detail/ 1400 ).

A popularization article was co-authored with Guillaume Coulaud (PhD student at
EDF R&D), focusing on the protection of nuclear power plants from ŕooding events:

• łNumerical simulation of ŕood risks in nuclear power plantsž
https://ingenius.ecoledesponts.fr/en/articles/

numerical-simulation-of-flood-risks-in-nuclear-power-plants/

https://www.iahr.org/index/detail/1400
https://www.iahr.org/index/detail/1400
https://ingenius.ecoledesponts.fr/en/articles/numerical-simulation-of-flood-risks-in-nuclear-power-plants/
https://ingenius.ecoledesponts.fr/en/articles/numerical-simulation-of-flood-risks-in-nuclear-power-plants/


Chapter 2

Flood Modeling and Satellite

Observations

Résumé :

Ce chapitre présente des approches communes de modélisation numérique pour la mod-
élisation des inondations. Les équations utilisées pour modéliser les écoulements à sur-
face libre, y compris les équations de Navier-Stokes et les équations de Saint-Venant sont
présentées. Les paramètres du modèle doivent être calibrés pour correspondre aux obser-
vations. Une attention particulière est accordée au terme de rugosité dans les équations
de Saint-Venant, qui est généralement soumis à une calibration.
Avec la disponibilité croissante des observations par satellite, les données spatialement
distribuées peuvent maintenant aider à la surveillance des inondations. Ainsi, le chapitre
présente ensuite les principes fondamentaux de l’observation satellitaire en mettant
l’accent sur les satellites radar à synthèse d’ouverture qui sont couramment utilisés
pour extraire des informations pour calibrer les modèles d’inondation. Les principales
caractéristiques et limites de l’imagerie radar à synthèse d’ouverture sont présentées,
en mettant l’accent sur l’interaction entre le signal radar et les surfaces inondées, ainsi
que sur les types d’informations qui peuvent être extraites de ces observations et les
méthodes utilisées à cette őn.

Abstract:

This chapter presents common numerical modeling approaches for ŕood modeling. The
governing equations used to model free-surface ŕows, including the Navier-Stokes equa-
tions and SWE, are presented. Model parameters must be calibrated to őt the observa-
tions. Particular attention is given to the roughness term in the SWE, which is typically
subject to calibration.
With the increasing availability of satellite observations, spatially distributed data can
now support ŕood monitoring and management. Thus, the chapter then introduces the
fundamental principles of Earth Observation, with a speciőc focus on SAR satellites,
which are commonly used to generate information for calibrating ŕood models. The
main characteristics and limitations of SAR imagery are discussed, with a focus on
the interaction between the radar signal and water surfaces, as well as the types of
information that can be extracted from these observations and the methods used to do
so.
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2.1 Modeling free-surface flows

Since the 19th century, ŕood monitoring has relied heavily on empirical observations and
simpliőed hydraulic formulas to estimate the ŕow dynamics. The motions of ŕuids are
described with hydrodynamic equations derived from the laws of conservation of mass
and momentum. The Navier-Stokes equations were formulated to describe the motion
of ŕuids in three dimensions. However, because of the complexity of solving the Navier-
Stokes equations, especially with a moving domain with a free surface, simpliőed 2D
models such as the SWE are often preferred for industrial applications and large-scale
problems. A reminder of the Navier-Stokes equations and SWE is proposed in 2.1.1.
These equations are then solved with a modeling system described in Section 2.1.2. In
the SWE, the bottom shear stress term is usually calibrated to őt the numerical models
to observations. More details on this term can be found in Section 2.1.3, including an
overview of its quantiőcation with and without observations.

2.1.1 Hydrodynamic equations

This section describes the mathematical models governing the motion of water, partic-
ularly free surface ŕows [Chow, 1959; Thual, 2010]. First, the Navier-Stokes equations
are presented. Then, we describe the hypotheses and the resulting 2D equations from
the Navier-Stokes equations. For a more in-depth look at this topic and details on the
assumptions and derivation of the equations, readers can refer to books and courses such
as Gerbeau and Perthame [2000], or Thual [2010].

2.1.1.1 Navier-Stokes equations

The Navier-Stokes equations are fundamental in ŕuid dynamics, describing the motion
of ŕuids (liquids, gases, and plasmas) in 3D space. These equations were formulated
independently by Louis Marie Henri Navier and George Gabriel Stokes at the beginning
of the 19th century.

Transport theorem of Reynolds Let us consider a small domain of ŕuid Ω with
surface Σ, on which the volume integral of a physical quantity, such as the mass or
momentum, is computed. We denote by I(t) the integral of the continuous function
A(X, t) representing a given quantity on the control volume at position X = [x, y, z] and
time t:

I(t) =

∫

Ω(t)

A(X, t)dΩ. (2.1)

The temporal variation of I is given by the transport theorem as follows:

dI(t)

dt
=

d

dt

(∫

Ω(t)

A(X, t) dΩ

)

=

∫

Ω(t)

∂A(X, t)

∂t
dΩ +

∫

Σ(t)

A(X, t) (UΣ · n) dS (2.2)

where UΣ is the velocity on the surface, and n is the normal to this surface, oriented
outwards.

Continuity equation Let us apply the transport theorem from Equation (2.2) to the
density ρ, with velocity U = [U, V,W ] over a ŕuid domain Ω with surface Σ:

d

dt

∫

Ω

ρ(x, t)dΩ =

∫

Ω

∂ρ

∂t
dΩ +

∫

Σ

ρU · ndS. (2.3)
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The ŕux across the domain boundaries
∫

Σ
ρU·ndS can be rewritten as

∫

Ω
∇·(ρU)dΩ using

Stokes’ theorem. When considering mass conservation on Ω, then d
dt

∫

Ω
ρ(x, t)dΩ = 0, and

by considering a tiny volume of ŕuid, we can write a local formulation such as:

∂ρ

∂t
+∇ · (ρU) = 0. (2.4)

Momentum conservation By applying the transport theorem from Equation (2.2) to
momentum ρU, we obtain:

d

dt

∫

Ω

ρUdΩ =

∫

Ω

(
∂ρU

∂t
+∇ · (ρU)

)

dΩ. (2.5)

The fundamental principle of dynamics (Newton’s second law) states that the changes in
momentum are equal to the external forces applied to a control volume, then:

d

dt

∫

Ω

ρUdΩ =

∫

Ω

(ρg + F) dΩ +

∫

Σ

σndS =

∫

Ω

(

ρg + F +∇ · σ
)

dΩ, (2.6)

where σ is the viscous stress tensor, ρg is the volumetric gravity forces, and F is the

volumetric external forces. Finally using Equation (2.4), local formulation writes as:

ρ

(
∂(U)

∂t
+ (U · ∇)U

)

= ∇ · σ + ρg + ρF. (2.7)

Most ŕuids in the environment, including water, can be considered Newtonian, as the
viscous stress is linearly proportional to the deformation rate. For Newtonian ŕuids,
Stokes’ law expresses the viscous strain tensor as:

σ = −pI + λ∇ · UI + 2µs, (2.8)

where p is the pressure, I is the identity tensor, µ is the dynamic molecular viscosity,
λ = −2

3
µ with Stokes hypothesis [Stokes, 1845], and s is the strain-rate tensor. The

strain-rate tensor writes as:

s =
1

2

(
∇U +∇UT

)
. (2.9)

From this set of equations, the Navier-Stokes equations for a Newtonian and incompress-
ible ŕuid (∇ · U = 0) are derived:







∂ρ
∂t

+∇ · (ρU) = 0

∂(U)
∂t

+ (U · ∇)U = −1
ρ
∇p+ ν △ U + g + F

, (2.10)

where ν = µ
ρ

is the kinematic viscosity. In turbulent ŕows, ŕuid particles undergo chaotic
small-scale motions that increase momentum transfer. That transfer can be modeled by
an effective viscosity (e.g., as described by Boussinesq). To account for this additional
dissipation, caused by vortices and instationarities in the ŕow, a turbulent viscosity term
denoted as νt is often added to the kinematic viscosity. To solve the equations involving
turbulent viscosity, which is a function of additional turbulent-related variables, a closure
approach is required. Closure refers to the process of introducing additional equations
or models that express the turbulent-related quantities in terms of the other variables,
thereby making the system of equations solvable.

Navier-Stokes equations should be completed to account for the problem’s geometry
and to close the system. For river and ŕood modeling, we consider that:
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• The bottom and lateral boundaries (dikes, walls, etc.) are impermeable.

• The ŕuid particles at the free surface remain part of the free surface.

• Inlet and outlet boundaries of the domain are prescribed with additional information
such as velocities and/or water depth depending on the ŕow regime. For subcritical
ŕows, the discharge or the water depth should be imposed at the inlet and outlet.
For supercritical ŕows, the discharge and the water depth are speciőed at the inlet,
but no outlet conditions are required.

• To close the Navier-Stokes equations, one needs to deőne the surface and bottom
shear stresses.

Impermeable

Figure 2.1: Schematic of the free surface, bottom, and shear stresses.

Free surface condition: The particles at the free surface should remain at the free
surface over time. Let us consider the quantity Φ(x, y, t) = z − η(x, y, t) with z as the
elevation in the vertical direction and η the free surface elevation (see Figure 2.1). On the
free surface, dΦ

dt
should equal zero so that the particles stay on the free surface. Therefore,

applying the transport theorem leads to the relation known as the kinematic condition:

∂Φ(x, y, t)

∂t
+ U · ∇Φ(x, y, t) = 0. (2.11)

Shear stresses: Equation (2.10) should be completed with shear stresses at the bottom
(e.g., caused by vegetation) and at the surface (e.g., caused by the wind), as illustrated
in Figure 2.1. The bottom shear stresses are deőned as τb = σ ·nb and τs = σ ·ns where

nb and ns are the outward unit normal at bottom and surface boundaries, respectively.
Free-surface constraints τs are usually neglected for river ŕoods (for ocean modeling,
the free-surface constraint can affect wave propagation). For the bottom shear stress, a
classical closure model is:

τb =
1

2
ρCf ||U||U, (2.12)
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with Cf a dimensionless friction coefficient function of the bottom roughness modeled
with empirical or semi-empirical laws [Morvan et al., 2008]. These laws will be discussed
in detail in Section 2.1.3.

Note: The bottom shear stress τb depends on parameters (according to the closure
model) tabulated in the literature or calibrated based on observations. This parameter
is usually calibrated in ŕood studies and is the main focus of the thesis. The bottom
elevation zb and the inlet discharge are considered to be perfectly known.

2.1.1.2 Shallow Water Equations

The numerical resolution of the Navier-Stokes equations is costly for large domains (kilo-
meters) requiring őne resolution, especially when in a moving domain whose time evalu-
ation has to be computed with Equation (2.11) and that matrices should be reassembled
at each time step. Furthermore, the uncertainties due to łeffective viscosityž make the 3D
calculations even more uncertain than the 2D ones. Thus, ŕood modelers typically prefer
to use 2D numerical models to simulate horizontal ŕows. The SWE, also known as the
Saint-Venant equations, were introduced in 1871 and named after Adhémar Jean Claude
Barré de Saint-Venant [de Saint-Venant, 1871]. The derivation of these equations from
the Navier-Stokes equations for incompressible ŕows is detailed in Gerbeau and Perthame
[2000].

Hypotheses

• The ŕuid is incompressible, homogeneous, and Newtonian.

• The vertical scale (the water depth (h)) is small compared to the characteristic
horizontal scale (L), that is to say, h

L
<< 1. The velocity is considered constant in

shallow waters within the water column. The depth-averaged velocities are deőned
as:







u(x, y, t) = 1
h(x,y,t)

∫ η(x,y,t)

zb(x,y,t)
U(X, t)dz

v(x, y, t) = 1
h(x,y,t)

∫ η(x,y,t)

zb(x,y,t)
V (X, t)dz

, (2.13)

where h = η(x, y, t) − zb(x, y, t), η is the surface elevation and zb is the bottom
elevation.

• Negligible vertical velocities (w) relatively to horizontal velocities u and v. This as-
sumption is also necessary for the hydrostatic pressure hypothesis. In river channels
where the width is at least ten times larger than the water depth, this assump-
tion remains valid. The approximation is accurate even for oceans with signiőcant
depths because their horizontal extent (thousands of kilometers) far exceeds their
vertical extent (a few kilometers).

• The pressure at any point in the ŕuid depends only on the depth below the surface,
such that p = ρgh (hydrostatic pressure).

• The bottom slope is shallow, usually the slope is below 10−3 m/m or 10−4 m/m.
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Continuity equation From the integration of Equation (2.4) over the vertical and
using the Leibniz rule, we obtain:

∂h

∂t
+∇ · (hu) = 0, (2.14)

where u = (u(x, y, t), v(x, y, t)) is the velocity vector in 2D without the vertical dimension.
Comparing this equation with the mass conservation of Navier-Stokes shows that water
depth plays the role of water density.

Momentum conservation From the vertical component of the Navier-Stokes momen-
tum equation, and considering that external forces are constant along the vertical, we
derive the hydrostatic pressure ∂p

∂z
= −ρg. Finally, by applying depth-averaging on the

vertical for the remaining equations with hydrostatic pressure and kinematic condition,
the SWE derive as:







∂h
∂t

+ ∂(hu)
∂x

+ ∂(hv)
∂y

= 0

∂(hu)
∂t

+ ∂(hu2)
∂x

+ ∂(huv)
∂y

= −gh∂η
∂x

+ hFx +∇ · (h νe∇u)− 1
ρ
τbx

∂(hv)
∂t

+ ∂(hv2)
∂y

+ ∂(huv)
∂x

= −gh∂η
∂y

+ hFy +∇ · (h νe∇v)− 1
ρ
τby

, (2.15)

where νe is the effective viscosity, which is the sum of diffusion expressed by kinematic
and turbulent viscosity, and the dispersion in νd. The dispersive viscosity νd arises from
approximating the integration of the non-linear term.

Note: In the manuscript only the SWE are used, as 2D hydrodynamic models are
generally sufficient for modeling ŕood ŕows. However, the Navier-Stokes equations were
introduced to explicitly identify the physical simpliőcations involved in the derivation of
SWE. During model calibration, these simpliőcations may be partially compensated for
by adjusting model parameters.

2.1.2 Modeling system

The equations listed in Section 2.1.1 are implemented within the open-source open-
TELEMAC system (www.opentelemac.org), developed primarily by the LNHE depart-
ment of Electricité de France’s Research and Development Division since 1987 [Hervouet,
2007]. The code solves complex free-surface ŕow problems for environmental purposes.
As illustrated in Figure 2.2, the openTELEMAC system consists of different intercon-
nected modules for hydraulics (MASCARET, TELEMAC-2D, and TELEMAC-3D), waves
(ARTEMIS and TOMAWAC), water quality (WAQTEL), frazil (KHIONE), and sedi-
ments (COURLIS and GAIA) modeling. The openTELEMAC system is used for various
applications, such as coastal and marine (overtopping on dikes, tsunamis, and oil spills),
ŕuvial (ŕoods, dike breaches, tracer transport), and other more speciőc cases. The code
solves regional to local-scale problems, and has parallelization capabilities for computa-
tionally intensive simulations. For modeling ŕoods, we resort to the T2D model, which
solves SWE as deőned in Equation (2.15). This enables the calculation of water depth
and velocity őeld.
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Note: All the simulations in the manuscript are carried out with Finite Elements, based
on an unstructured triangular mesh. The N edge-by-edge scheme and the Positive
Streamwise Invariant Distributive scheme are used to compute the advection of velocity
and water depth, respectively. The wetting and drying of grid elements, which are
essential in ŕoodplain modeling, are managed by correcting the free surface gradient.
More details on the Finite Elements numerical schemes are found in Hervouet et al.
[2017]. These considerations are the standard choices for ŕood modeling studies at
EDF, typically applied to large watershed ŕooding or dam break ŕoods [Bacchi and
Pavan, 2025].

One of the strengths of the openTELEMAC system is its ability to interact with
the code during simulations through APIs implementations for each module. The APIs
provide ŕexibility by allowing users to control the simulations while they are running
[Goeury et al., 2022]. Users can stop the simulation, fetch speciőc variable values, and
potentially modify them before continuing the computation by offering direct access to
the physical memory of variables. The APIs are not only available within a Fortran
framework, but the openTELEMAC system also contains a package called TelApy, which
is a Python wrapper for the APIs providing a user-friendly language and creating a more
efficient calculation chain.

Hydraulic:

MASCARET (1D)

TELEMAC-2D (2D)

TELEMAC-3D (2D)

Water quality/frasil:

WAQTEL (2D & 3D)

KHIONE (2D & 3D)

Sediment:

COURLIS (1D)

GAIA (2D & 3D)

Waves:

ARTEMIS (2D)

TOMAWAC (2D & 3D)

Figure 2.2: openTELEMAC architecture adapted from Goeury et al. [2022].

2.1.3 Bed shear stress modeling

As introduced in Section 2.1.1, a crucial component of ŕood modeling is the bed shear
stress τb, commonly referred to as roughness or the friction term. This section presents
details about this term, its physical origins, and its signiőcance in hydraulic simulations.

2.1.3.1 Physical explanation of roughness

Roughness represents the resistance to water ŕow caused by the boundaries of a channel.
A channel with high roughness introduces substantial friction, leading to considerable
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energy losses that decelerate the water ŕow while simultaneously elevating the water level.
Conversely, for a smooth channel surface, energy losses are minimal, allowing water to
ŕow more rapidly. The bottom shear stress is usually not uniform or constant over time.
It varies according to the hydraulic conditions and the evolving state of the riverbed.
A range of physical factors inŕuencing its magnitude is provided in Chow [1959] and
described hereafter:

• Surface roughness: Surface roughness refers to the irregularities on the bottom of the
ŕow. It corresponds to the size and shape of the material at the bottom, producing
turbulence effects and changing the wetted perimeter.

• Land use and vegetation: Land use and vegetation act as surface roughness that
opposes the ŕow. Buildings or forests may retard the ŕow, which depends heavily
on the density, type of land use and vegetation, height, and their distributions.

• Channel irregularities: Irregularities such as sand bars, ridges, or holes perturb the
ŕow.

• Obstructions: The presence of obstructions such as bridges, log jams.

• State and discharge: Water depth and velocity modiőcations, hence, modifying
bedforms, and activating or suppressing sediment transport.

• Seasonal change: Changes in land use conditions with plant development, trees on
the channel or the banks.

• Channel geometry: The curvature and size of the channel.

• Suspended material or bedload: Head losses due to bedload and/or suspended sed-
iments in the water column.

Surface roughness and land use are the most inŕuential contributors to friction. How-
ever, other processes, such as vegetation development, may contribute to friction and
increase or reduce roughness.

2.1.3.2 Closure models for τb

The bed shear stress should be written as a function of ŕow velocities and water depth to
close the SWE. In T2D, the friction term is considered in the momentum equation from
the SWE and is treated implicitly. The two components of bottom friction are expressed
as:







τbx = u
2
ρCf

√
u2 + v2

τby =
v
2
ρCf

√
u2 + v2

, (2.16)

where Cf is dimensionless, and its value depends on the chosen friction model. In the
literature, many friction models are available to compute Cf based on empirical or semi-
empirical approaches [Morvan et al., 2008]. In most ŕood modeling studies, the Cf co-
efficient is computed based on the Manning-Strickler formula. This formula is generally
used because it is easy to implement with a single parameter to tune, and its value is
well-documented in the literature for various conditions, as it has been calibrated for a
wide variety of rivers [Barnes, 1967; Chow, 1959].
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Manning-Strickler formula In 1889, Robert Manning and Albert Strickler developed
the widely used Manning-Strickler formula [Manning et al., 1890]. This formula is derived
empirically from seven previous formulas based on Bazin’s experimental data and 170
additional observations such that:

Cf =
g

K2
sh

1/3

τbx = τby =
ρg

K2
sh

7/3
Q2,

(2.17)

with Q = h||u|| the discharge, Ks representing the Strickler coefficient with n = 1
Ks

the
Manning coefficient.

Note: In this thesis, we consider the Manning-Strickler formula and aim to calibrate the
Ks parameter in the ŕoodplains, such that Ks(x, y) varies in space but is independent of
time. This is the usual methodology used for ŕood modeling studies at EDF [Bacchi and
Pavan, 2025]. In the literature, depending on the choice of model used to compute Cf ,
it has been shown that modeled water depths and velocities can vary slightly [Dalledonne
et al., 2019]. The choice of the closure model is a őrst assumption in the calibration
study, which could be questioned in the future. However, for ŕood ŕows, the calibration
of the parameters is more inŕuential than the choice of the closure model. The concept of
roughness is difficult to describe, as it results from several physical factors. Therefore, the
parameter (here Ks) is calibrated to model all physical processes near the bed [Morvan
et al., 2008] and compensate for simpliőcations (e.g., 3D ŕow structures, unmodeled
turbulence) and errors (e.g, bathymetry) in the model. We should also avoid non-
physical outputs, so the parameter is usually bounded based on expert opinions and
experiment setups as described in Section 2.1.3.3.

2.1.3.3 Roughness parameterization: Prior to calibration

To simulate ŕood events, the parameters in the closure model must be speciőed. Ideally,
these parameters are estimated through calibration and validation based on historical
ŕood events by adjusting the parameters to minimize the discrepancy between model
simulations and observations. However, observations of water depth and velocity dur-
ing ŕoods are often limited in both time and space, and may be subject to uncertainty.
Furthermore, the parameters must be constrained between bounds to avoid non-physical
calibration. Consequently, parameter values are informed by prior knowledge such as ex-
pert judgment, laboratory experiments, or tabulated values.

Quantiőcation based on expert opinions/literature, and in-situ measurements
As described in Section 2.1.3.1, the resistance of the ŕow is connected to the material of
the bed. The estimation of this value for each material has been widely studied in several
empirical studies [Chow, 1959; Arcement and Schneider, 1989; French, 1985], with most
of the literature based on 1D approaches. These historical approaches rely on calibrated
photographs and tables of roughness values for different material conőgurations [Barnes,
1967; Chow, 1959]. The photograph method is based on a series of photographs of stream
channels that represent various roughness values calculated using the Manning-Strickler
formula. Water levels and discharges were measured for each photograph, and topo-
graphical data of the riverbed and banks were collected to compute the Manning value.
For example, Figure 2.3 reports two calculated Manning values for two distinct types
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of natural streams. Trained engineers can estimate roughness channels within ±15% by
comparing their study area with images of channels of known roughness.

(a) Champlin Creek near Colorado City
(US) with n = 0.027 s ·m−1/3.

(b) Cache Creek near Lower Lake (US)
with n = 0.079 s ·m−1/3.

Figure 2.3: Examples of photographs of stream channels with associated estimated
Manning (n) from the Manning-Strickler formula. Credit: U.S. Geological Survey.

Chow [1959] presented a comprehensive table of Manning values, drawing data from
various sources [Horton, 1916; Ramser et al., 1929]. The proposed values for channels and
ŕoodplains, respectively, are reported in Tables 2.1 and 2.2.

Table 2.1: Proposed Manning values for river channels.

Type of channel Minimum Mean Maximum
1. Main Channels for minor streams (<30 m)
a. Clean, straight, full stage, no rifts or deep pools 0.025 0.030 0.033
b. Same as above, but more stones and weeds 0.030 0.035 0.040
c. Clean, winding, some pools and shoals 0.033 0.040 0.045
d. Same as above, but some weeds and stones 0.035 0.045 0.050
e. Same as above, lower stages, more ineffective slopes and sections 0.040 0.048 0.055
f. Same as łdž with more stones 0.045 0.050 0.060
g. Sluggish reaches, weedy, deep pools 0.050 0.070 0.080
h. Very weedy reaches, deep pools, or ŕoodways with heavy stands
of timber and underbrush

0.075 0.100 0.150

i. Mountain streams with gravels, cobbles, and few boulders 0.030 0.040 0.050
j. Mountain streams with cobbles and large boulders 0.040 0.050 0.070
2. Main Channels for major streams (>30 m)
a. Regular section with no boulders or brush 0.025 ... 0.060
b. Irregular and rough intersection 0.035 ... 0.100

Usually, Strickler coefficients vary between 25 and 45 m1/3 ·s−1 for natural streams and
between 50 and 80 m1/3 ·s−1 for artiőcial streams depending on the covering material. For
the ŕoodplains, as the water ŕows face obstacles, the Strickler coefficients are usually lower
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(leading to lower ŕow velocities and higher water depth). While these tables are handy,
their effectiveness relies on the user’s experience and subjectivity in correctly identifying
or comparing land use types with photographs.

Table 2.2: Proposed Manning values for ŕoodplains.

Type of ŕoodplain Minimum Mean Maximum
1. Pasture, no brush
a. Short grass 0.025 0.030 0.035
b. High grass 0.040 0.050 0.070
2. Cultivated areas
a. No crop 0.020 0.030 0.040
b. Mature row crops 0.025 0.035 0.045
c. Mature őeld crops 0.030 0.040 0.050
3. Brush 0.050 0.070 0.080
a. Scattered brush, heavy weeds 0.035 0.050 0.070
b. Light brush and trees, in winter 0.035 0.050 0.060
c. Light brush and trees, in summer 0.040 0.060 0.080
d. Medium to dense brush, in winter 0.045 0.070 0.110
e. Medium to dense brush in summer 0.070 0.100 0.160
4. Trees
a. Dense willows, summer, straight 0.110 0.150 0.200
b. Cleared land, but with heavy growth and sprouts 0.030 0.040 0.050
c. Same as above, but with heavy growth of sprouts 0.050 0.060 0.080
d. Heavy stand of timber, a few down trees, little undergrowth,
ŕood stage below branches

0.080 0.100 0.120

e. Same as above, but with ŕood stage reaching branches 0.100 0.120 0.160

Cowan [1956] suggested a physics-informed adjustment of the coefficients, considering
various characteristics that could inŕuence the roughness values. The Manning coefficient
is then expressed as:

n = (n0 + n1 + n2 + n3 + n4)m5, (2.18)

where n0 is the value for straight, uniform, smooth channels in the natural materials
involved, n1 is an adjustment parameter for surface irregularities, n2 is for adjusting
the coefficient based on variations in the shape and size of the channel cross-section, n3 is
accounting for obstructions, n4 is for vegetation and ŕow conditions and m5 is a correcting
factor for meandering channels. Tables deőning the values of this set of őve parameters
are provided in Chow [1959].

Other empirically based formulas have been proposed to deőne the roughness value
based on in-situ measurements [Marriott and Jayaratne, 2010]. The Strickler formula

states that n =
d
1/6
50

21.6
[Strickler, 1923] (applicable for slopes between 0.004 m/m and 0.025

m/m and hydraulic radius between 0.1 m and 10 m) and the Meyer-Peter formula states

that n =
d
1/6
90

8.2
√
g

[Meyer-Peter and Müller, 1948]. d50 refers to the median grain size diameter

at which 50% of the sediment particles are őner, and d90 refers to the particle size diameter
below which 90% of the sediments are őner. Other formulas are available in the literature,
and choosing a formula should rely on various factors, such as the granulometry of surface
roughness or ripples. For interested readers, many formulas have been developed for
addressing the special case of submerged and emerged vegetation, with a review available
in Sellin et al. [2003].
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Remark: The roughness values are often considered constant over time during a sim-
ulated ŕood event, but for long-term simulations, it may be worthwhile to consider
their temporal evolution, as it can change throughout the year with the development of
vegetation due to seasonal or geomorphological changes [De Doncker et al., 2009].

While these empirical formulas provide a prior estimate of the roughness value, their
uncertainty is poorly quantiőed. The uncertainty in determining prior roughness param-
eterization with in-situ measurements and visual interpretation was described in Wohl
[1998], by estimating the Manning value of 5 rivers using four methods listed in Table
2.3 (visual estimation, Jarret’s formula [Jarrett, 1984], Cowan’s method, and Limerinos’
formula [Limerinos, 1970]), with large variability between the methods.

Table 2.3: Estimates of Manning’s n for őve rivers with four estimation methods from
Wohl [1998].

Method/River Proudre Arun Chayang Fitzroy Paran
Jarret 0.024 0.051 0.096 0.014 0.034

Limerinos 0.037 0.069 0.104 0.019 0.047
Visual 0.045 0.060 0.090 0.030 0.045
Cowan 0.050 0.060 0.070 0.030 0.050

Medeiros et al. [2012] compared the computed values of the roughness parameters at
24 sites in Florida (US) based on terrain measurements and those extracted from land
cover data with a representative set of all the land cover. The research demonstrated
that the surface roughness derived from land use (with tables) and the one computed
from őeld measurements had a RMSE of 0.083, leading to the characterization of sand as
bare rock. There may have been errors in the on-site measurements and the land cover
classiőcation from 1992, which was not as precise as today. Nonetheless, uncertainties
remain signiőcant when using the tables directly, affecting values for each ŕoodplain type
or channel conőguration.

Remark: In the absence of an alternative, these uncertain tabulated values are used to
deőne bounds for the Strickler parameter depending on the type of ŕoodplain. Hence it
advocates for using as much as available data for calibrating these parameters and char-
acterize the range of variations of the model outputs with UQ techniques (see Chapter
3 for theoretical details and Chapters 6 and 7 for applications) as the tabulated values
contain a part of error and may not compensate all errors as they are mainly derived
from only skin roughness.

Prior roughness spatial distribution In 2D hydraulic modeling, the roughness pa-
rameter during a ŕood event is considered variable in space. Thus, a different value of
roughness is assigned for each location in the study area. When there are no observations
on the ŕoodplains to calibrate the model, the zoning of roughness parameters typically
relies on land use [Mayo et al., 2014]. The study area is divided into subdomains of
homogeneous land use. For instance, the current methodology for coastal inundation in
the United States is based on published land use/cover data, such as the National Land
Cover Dataset. For each subdomain, a roughness value is assigned to the entire subdomain
based on tables, as presented previously. The roughness values used in the subdomains
for EDF ŕood studies (and in most of the following chapters of this work) are reported in
Table 2.4, and based on CLC land use maps. CLC is a European program that provides
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consistent and regularly updated information on land use across Europe every six years,
with a spatial resolution below 100 meters, as visualized in Figure 2.4 for France.

Figure 2.4: Corine Land Cover classiőcation of land use in France.

Land use is usually classiőed using satellites, and many studies use satellite imagery
to map it in different areas of the world (even before the CLC product) [Hossain et al.,
2009; Forzieri et al., 2011; Van der Sande et al., 2003]. Using remote sensing to detect
different areas leads to tremendous improvements in deőning the roughness of ŕoodplains.
Straatsma and Middelkoop [2006] used airborne imagery to monitor vegetation heights,
which are used to determine the distinct zones. Mason et al. [2003] advocates for deőning
accurately the parameters of the ŕoodplains before any calibration to reduce the role of
calibration. They resort to LiDAR to create a map of vegetation height and differentiate
regions of short (<1.2 m), intermediate, and tall (>5 m) vegetation, creating subdomains
of equivalent roughness.

Note: This study assumes that the ŕoodplain roughness is divided into homogeneous
land-use subdomains, as informed by existing literature and operational considerations.
This approach constrains the number of parameters (i.e., number of subdomains) and the
spatialization of the roughness őeld. During calibration, the number of parameters and
spatialization are usually preserved without modiőcation to the spatialization. Then, this
spatialization into subdomains is a prior guess on the geometric structure of the rough-
ness őeld. In some optimization studies, alternative methodologies use Karhunen-Loève
expansions to model roughness as a stochastic process with parameters deőned at each
mesh node [Huang and Qin, 2014; Siripatana et al., 2018]. However, these alternatives
do not beneőt from prior information based on land use in each subdomain and do
not capture discontinuities between subdomains which may lead to abrupt changes in
roughness values (e.g., dikes, roads).
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Difference in roughness between hydraulic models Most prior quantiőcation pre-
sented in the previous paragraphs is based on land use and 1D approaches. When using
this prior in 2D numerical models, the values may not represent the true ŕow resistance.
The effective roughness depends on the model used for ŕood modeling, as they operate
differently [Morvan et al., 2008]. Beyond the physical meaning of roughness, in hydraulic
models, the roughness parameter accounts for all physical processes omitted in the mod-
eling and compensates for discretization or local topographic errors [Morvan et al., 2008].
For instance, in 1D modeling, energy dissipation is not explicitly modeled; instead, it is
often incorporated into the friction parameter. This is typically accomplished by assigning
a lower Strickler value (more pronounced dissipation effects) than would be used for 2D
modeling. In 1D, roughness values are assigned within the channel, and for ŕoodplains,
the values are not determined by subdomains. Instead, a single coefficient is applied to
both the right and left sides of the channel for each cross-section, averaging the roughness
in the transverse direction of the ŕow and not considering the spatial variations of rough-
ness across the channel or ŕoodplains. The shape of the channel is not considered in the
1D model; thus, the value between the 1D and 2D models should be modiőed to account
for this effect, which is directly incorporated in the latter model. On the other hand, 2D
models can account for ŕow directionality, but the roughness is often treated as isotropic
(i.e., the same value in all planar directions). For a better representation of this pa-
rameter, the roughness may be considered anisotropic (varying depending on directions),
due to aligned vegetation or buildings. Practically, Table 2.4 reports the differences in
proposed prior Strickler values for different land uses depending on the dimension of the
models being 1D or 2D based on experts’ opinions, such as Chow [1959]. Even among
2D models, the friction parameter can vary, as they may not solve the same equations
[Horritt and Bates, 2002].

Table 2.4: Proposed values of Strickler coefficient (Ks in m1/3s−1) for 1D and 2D models
in the ŕoodplains [Bacchi and Pavan, 2025].

Nature of the surface In 1D In 2D
Fields and meadows without crops 15 to 20(1) 20
Cultivated őelds with low vegetation 13 to 18(1) 15 to 20(1)

Cultivated őelds with high vegetation 8 to 13(1) 10 to 15(1)

Shrubland and undergrowth areas 5 to 10(1) 8 to 12(1)

Areas of low urbanization (town) 5 to 8 8 to 10(1)

Highly urbanized areas (agglomeration) 5 5 to 8(1)

(1)Depending on the density of the structures or vegetation.

2.1.3.4 Roughness parameterization: Calibration

Roughness calibration aims to adjust the value of Ks(x, y) in 2D ŕood models to better
reproduce the dynamics of the ŕood and achieve a better őt between the observations and
the simulations. The initial estimation of the value of Ks is provided by prior estimates
based on land use, as explained in 2.1.3.3. While an increasing number of studies attempt
to incorporate physics to assign more precise friction parameters, it is still considered that
the bottom friction should be a calibrated parameter.

Channel calibration In most studies, roughness is calibrated using data from both
non-overŕowing and, if available, overŕowing ŕood events to account for the different
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regimes in the channel. The main calibration data for the channel come from gauge sta-
tions that frequently measure the water depth. The calibration of the river channel with
in-situ water height measurements or ŕood wave propagation time has been the topic
of numerous articles [Pappenberger et al., 2005, 2008]. The channel reach of a hydraulic
model is usually composed of heterogeneous areas, so a spatially varying friction is consid-
ered for the different parts of the reach. While a single friction parameter for the channel
generally provides good results for the overall channel, dividing the channel into different
roughness zones yields more locally accurate results [Ayvaz, 2013]. The channel rough-
ness can also be calibrated with satellite water depth measurements [Domeneghetti et al.,
2014]. Channel calibration can also beneőt from additional information on ŕoodplains, as
the water depth on the ŕoodplains is also sensitive to the roughness values in the channel.
Schumann et al. [2007b] have used satellite images to derive roughness values for different
parts of the channel based on satellite observations, thereby improving local water height
estimation. It is now a widely used technique to calibrate the reach of streams based on
satellite ŕood extent images [Aronica et al., 2002; Horritt and Bates, 2001].

Note: In this work, the focus is on the calibration of the ŕoodplain roughness őeld,
and the channel parameterization is based on previous calibrations using stage-gauging
stations data on historical ŕood events. However, in Chapters 6 and 7 applications with
an uncertain channel to calibrate are conducted.

Floodplain calibration Most studies consider a unique friction parameter on the ŕood-
plain [Horritt and Bates, 2002]. The choice to use a unique friction parameter arises from
the lack of data and techniques to calibrate multiple subdomains based on their land-use
classiőcation. This assumption is often sufficient for small ŕoods as it does not signiőcantly
impact modeled water depths and velocities. However, for large-scale ŕoods, subdivid-
ing the ŕoodplains into different areas is necessary to reproduce the ŕood dynamics. In
Werner et al. [2005], they calibrate distributed ŕoodplain roughness in a ŕood model using
gauged data and ŕood extents. They found that, with increased ŕoodplain roughness het-
erogeneity, the model’s performance improves up to őve ŕoodplain parameters. Including
too many parameters can lead to equiőnality [Werner et al., 2005], where multiple param-
eter combinations produce similar model outputs [Beven, 2006]. This issue can result in
compensatory effects between parameters, with outcomes that may őt the observations
but lack physical realism if the parameters are not properly constrained [Pappenberger
et al., 2005].

Remark: These considerations highlight the need to conduct a SA on the parameters
(as described in Chapter 3) to avoid equiőnality issues, and determine the maximum
number of subdomains that can be calibrated with the available observations to improve
the performance of the numerical model.

The calibration of ŕoodplain subdomains is often carried out using pointwise data, such
as watermarks, due to a lack of distributed spatial data [Neal et al., 2009]. Ballesteros et al.
[2011] calibrated the ŕoodplain roughness based on scars left on trees by moving riparian
vegetation during ŕoods. However, satellite images are increasingly available during ŕood
events to calibrate the models. Different studies have extracted dense networks of water
depth observations from satellite observations to calibrate the roughness [Lai and Monnier,
2009; Hostache et al., 2010; Matgen et al., 2007b; Dasgupta et al., 2021a]. Although
water depth remains a key variable for constraining hydraulic models, its derivation from
satellite imagery typically requires complex processing with high levels of uncertainty.
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Alternatively, some studies propose directly assimilating ŕood extents to avoid the need for
conversion into water levels [Horritt, 2000; Hall et al., 2011; Wood et al., 2016; Balbi and
Lallemant, 2023]. Gobeyn et al. [2017] has shown that during the rising limb of the ŕood,
the calibration process is more accurate because the channel’s roughness mainly inŕuences
the water’s velocity. Wood et al. [2016] also indicates that the highest information content
comes from satellite images at the ŕood peak for the case of the Severn River in the United
Kingdom.

Satellite images are now a primary source of distributed data for calibrated and val-
idated models, as suggested by the literature. Therefore, we investigate how satellite
images can enhance the quantiőcation of roughness in ŕoodplains for operational pur-
poses. First, satellite observations and the type of data that can be extracted from them
are introduced in the following section.

2.2 Monitoring floods with satellite observations

Earth Observation using remote sensing provides an increasing amount of data for moni-
toring the Earth, particularly natural hazards. For several decades, satellite missions have
provided spatially distributed observations to detect, map, and analyze various natural
hazards, as visualized in Figure 2.5.

For example, thermal infrared satellite observations (from MODIS mission) are used
to track wildőre propagation [Wooster et al., 2013] or map burned areas [Giglio et al.,
2016]. Similarly, satellite observations support the mapping of glacier displacement and
volume changes [Paul et al., 2013], drought evolution [AghaKouchak et al., 2015], or me-
teorological modeling, where radiance, wind, and precipitation data are collected with
satellites to improve the numerical models’ predictions [Bauer et al., 2015]. These exam-
ples, while not exhaustive, highlight the broad applications of satellite observations for
mapping dynamical Earth systems.

Although satellites provide continuous monitoring of the Earth, revisit times between
acquisitions can be important, and the observations can be difficult to interpret. Com-
plementary airborne LiDAR and drones can help to őll these gaps. Airborne LiDAR, for
example, provides high-resolution topographic data and is applied in varied applications
such as canopy and biomass estimation [Cao et al., 2019], measuring post-earthquake fault
displacement or damages [Nissen et al., 2012], or for snow depth estimation [Deems et al.,
2013]. Drones offer rapid deployment during disaster assessments and small-scale hazard
monitoring. They have been used for monitoring ŕoods, providing real-time data during
ŕood events [Perks et al., 2016; Karamuz et al., 2020], as well as data for reanalysis of
ŕood events and improvement of future forecasting.

In particular, satellite observations can be used to capture images of ŕood events
(e.g., Figure 2.5f). These images are dense observations that can be used as data for
calibrating numerical ŕood models. Therefore, this section describes the use of satellite
observations for monitoring ŕood events and extracting valuable data for ŕood model
calibration. While the focus is on satellite imagery, other remote sensing technologies,
such as airborne LiDAR, drones, and aerial photographs, are valuable tools for increasing
data availability during a ŕood event [Raclot, 2003; Muhadi et al., 2020]. For further
details on sensor principles and characteristics, readers can consult dedicated reviews and
textbooks [Lillesand et al., 2015; Chuvieco, 2020].
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Figure 2.5: Satellite imagery of various natural hazards: (a) Wildőres in Albania (28
July 2025); (b) Typhoon Khanun impacting Japan (3 August 2023); (c) Vegetation
resurgence after rainfall in Morocco (27 March 2025); (d) Skeiðarárjökull glacier, Iceland
(9 July 2025); (e) Mount Etna eruption (2 June 2025); (f) Flooding after heavy rainfall
in Pas-de-Calais, France (12 November 2023). Credit: European Union, Copernicus
Sentinel-2 imagery.

2.2.1 Electromagnetic spectrum

Earth Observation with satellite missions relies on the emission and reception of electro-
magnetic radiation, which propagates through space as waves. Satellite sensors may be
passive, using the Sun as an illumination source, or active, emitting their own electro-
magnetic radiation (Figure 2.6).
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Figure 2.6: Difference between passive (left) and active (right) satellite sensors.

An electromagnetic radiation is characterized by its phase, amplitude, and wavelength
(λ = 1

f
with f the frequency). Along the electromagnetic spectrum depicted in Figure 2.7,

atmospheric windows can be exploited for remote sensing applications (e.g., visible light
[380 nm; 780 nm], infrared [780 nm; 0.1 mm], and microwave [0.1 mm; 1 m]) [Lillesand
et al., 2015].

UVRadio Micro Infrared X-Ray Gamma

Figure 2.7: Electromagnetic spectrum with associated wavelengths (top arrow) and
frequencies (bottom arrow).

2.2.2 Satellite sensors

Earth Observation satellites used for environmental monitoring can be grouped into three
main categories: optical imaging satellites, radar imaging satellites, and altimeter satel-
lites.

2.2.2.1 Multi-spectral optical sensors

Optical sensors are passive, capturing reŕected sunlight during the day. Optical satellites
are equipped with multi-spectral sensors to capture images in the visible and infrared
portions of the electromagnetic spectrum, allowing for the detection of different features
on the ground. Depending on the sensors, the spatial resolution ranges from a few cen-
timeters to hundreds of meters. For decades, optical satellites have been the most widely
used for environmental monitoring, as the images (which resemble standard photographs)
in these wavelengths are easy for the human eye to analyze, as illustrated in Figures 2.5
and 2.8. Medium-resolution satellite data (e.g., Landsat and Sentinel-2, with decametric
spatial resolution) have been freely available and widely used for ŕood applications for
decades for ŕood mapping and extent delineation or ŕood damage assessment [Grimaldi
et al., 2016; Schumann et al., 2022]. Thanks to this long history, different programs have
been monitoring global ŕoods with decades of free data (or through paid services for
high-resolution products from commercial companies), such as the Dartmouth Flood Ob-
servatory (https://floodobservatory.colorado.edu/) using the widely used MODIS
satellites (Terra and Aqua) with a spatial resolution of 250 m and a revisit time of twice
a day, allowing the monitoring of large ŕoods around the globe. High-resolution imaging
satellites can capture small objects, but usually have low revisit times and narrow swaths.

https://floodobservatory.colorado.edu/
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Many optical satellites data owned by governments, non-proőt organizations, or com-
panies are available for ŕood applications. Table 2.5 provides a non-exhaustive list of
widely used optical satellites for ŕood monitoring.

Table 2.5: Examples of widely used optical satellites for ŕood monitoring.

Mission Years of operation Ground resolution (m) Revisit time (days) Data access

Sentinel-2A; 2B 2015ś; 2017ś 10ś60 10 (5 in constellation) Available
Sentinel-3A; 3B 2016ś; 2018ś 300 4 (2 in constellation) Available
Landsat 5 1984ś2013 30 16 Available
Landsat 7 1999ś 15ś30 16 Available
Landsat 8 2013ś 15ś30 16 Available
Landsat 9 2021ś 15ś30 16 Available
MODIS (Aqua; Terra) 1999ś; 2002ś 250ś1000 1 Available
Proba-V 2013ś2021 300 2 Available
WorldView (1; 2; 3) 2007ś; 2009ś; 2014ś 0.5; 0.5ś2; 0.31ś30 1.7; 1.1; 1 Restricted*

SPOT (5; 6; 7) 2002ś2015; 2012ś; 2014ś 2.5ś20; 1.5ś6; 1.5ś6 0 1ś3 Restricted*

Ikonos-2 1999ś2015 0.8ś4 1ś3 Commercial
QuickBird-2 2001ś2015 0.61ś2.5 1.5ś2.8 Restricted*

Pleiades (1A; 1B) 2011ś; 2012ś 0.5 1 Restricted*

* Data access requires a research proposal via ESA (https://earth.esa.int/eogateway).

The main issue with optical satellites is that cloud coverage and vegetation hinder their
utilization for detecting ŕoods [Grimaldi et al., 2020]. For instance, the average annual
cloud coverage in France ranges from 30% to 70% depending on the region [Direction de la
Climatologie, 2009], and is especially prevalent during ŕood events. Furthermore, since
these systems rely on recording reŕected sunlight, they cannot operate at night.

2.2.2.2 Altimeters

Altimetry measures the distance between the Earth and the satellite. Altimeters were
historically designed for ocean surface topography, but also measure the height of conti-
nental water on large lakes and rivers [Calmant et al., 2008; Tarpanelli et al., 2013]. A
radiation signal is emitted to the ground, and the water elevation is computed by using
the signal’s return time and propagation speed in the air, such as:

η = R− c
∆t

2
−
∑

cor, (2.19)

where η is the water elevation, R is the altitude of the satellite above a reference ellipsoid, c
is the speed of light, ∆t

2
is the travel time of the pulse, and

∑
cor accounts for ionospheric,

tropospheric, and tidal corrections. The uncertainty in water height usually ranges from
1 to 50 cm (the computed water level is the mean over the section on a large footprint,
spanning hundreds of meters to kilometers). Altimeters like Envisat, Topex/Poseidon,
and Jason provide point-based water levels, with high accuracy for lakes (<10 cm) and
moderate accuracy for rivers (20ś50 cm) [Crétaux and Birkett, 2006; Alsdorf et al., 2007b].

Table 2.6 provides an overview of altimeters used for measuring continental water
surfaces. In recent years, databases have been established to compile altimetry-based
time series of water depth over rivers and lakes, including available points and their
range of uncertainty, such as Hydroweb (https://hydroweb.theia-land.fr/) or the
Database for Hydrological Time Series of Inland Waters (https://dahiti.dgfi.tum.
de/en/products/water-level-altimetry/). For ŕood calibration, these altimeters can
be used for large rivers; however, the along-track spacing varies from 500 m to several
kilometers. With the launch of the SWOT swath altimetry satellite, it will become feasible
to measure spatial őelds of surface water elevation with a high spatial resolution. The
accuracy is expected to be around 10 cm over 1 km2 and 25 cm over 250 m2.

https://browser.dataspace.copernicus.eu/
https://browser.dataspace.copernicus.eu/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://ladsweb.modaps.eosdis.nasa.gov/view-data/
https://earth.esa.int/eogateway/catalog/proba-v-1km-333m-and-100m-products
https://earth.esa.int/eogateway
https://hydroweb.theia-land.fr/
https://dahiti.dgfi.tum.de/en/products/water-level-altimetry/
https://dahiti.dgfi.tum.de/en/products/water-level-altimetry/
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Table 2.6: Examples of widely used altimeters for water level measurements.

Mission Years of operation Revisit time (days) Inter-track distance (km) Data access

SWOT 2022ś 21 Swath altimetry Available
ERS-1 RA 1991ś2000 3/35/168 80 (35 days) Restrained*

ERS-2 RA 1995ś2011 35 80 Restrained*

ENVISAT RA-2 2002ś2012 35 80 Restrained*

JASON-1/2/3 2001ś2013; 2008ś; 2016ś 10 315 Available
Sentinel-3A/3B 2016ś; 2018ś 27 104; 52 Available
TOPEX/Poseidon 1992ś2006 10 157 Available

* Data access requires a research proposal via ESA (https://earth.esa.int/eogateway).

2.2.2.3 Synthetic Aperture Radar

SAR sensors are active sensors independent of external illumination sources, emitting
waves in the microwave portion of the electromagnetic spectrum. They guarantee con-
tinuous observation with an active system that emits microwave pulses and penetrates
cloud coverage, operating day and night, unlike optical sensors [Smith, 1997]. The ratio
between the emitted and received signals by the satellite antenna depends strongly on the
roughness properties of the surface from which it is reŕected. Open water surfaces are
smooth and reŕect a large portion of the incoming radiation away from the sensors [Ulaby,
1982], which results in low reŕected energy, leading to łdark spotsž on the satellite image.
Dry areas, on the contrary, are rougher and reŕect a larger proportion of the radiation
back to the antenna and therefore appear brighter on the images, as visualized in Figure
2.8.

River

Reservoirs

Figure 2.8: Comparison of a Synthetic Aperture Radar Sentinel-1 image (left) with an
optical Sentinel-2 image (right) acquired at the same time.

For more than 30 years, SAR satellites have been widely used for detecting ŕoods from
space [Schumann et al., 2009; Grimaldi et al., 2016]. Table 2.7 reports some of the most
used SAR satellites for ŕood assessment.

https://hydroweb.next.theia-land.fr/
https://www.ncei.noaa.gov/products/jason-satellite-products
https://search.asf.alaska.edu/
https://podaac.jpl.nasa.gov/dataset/TOPEX_POSEIDON_GDR_F
https://earth.esa.int/eogateway
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Table 2.7: Examples of widely used SAR satellites for ŕood applications.

Mission Years of operation Ground resolution (m) Revisit time (days) Polarization Band Data access

Sentinel-1A; 1B 2014-; 2016- 5ś100 12 (6 in constellation) Dual C Available
COSMO-SkyMed 2007- 15ś100 16 (4 in constellation) Single or Dual X Restrained*

TerraSAR-X 2007- 1ś16 11 Full X Commercial
TANDEM-X 2010- 3 11 Full X Commercial
RADARSAT-1 1995ś2013 8ś100 24 HH (single) C Restrained*

RADARSAT-2 2007- 3ś100 24 Full C Restrained*

ERS-1 1991ś2000 25 35 VV (single) C Restrained*

ERS-2 1995ś2011 25 35 VV (single) C Restrained*

ENVISAT-ASAR 2002ś2012 30ś1000 35 Single or Dual C Restrained*

ALOS-PALSAR 2006ś2012 10ś100 46 Single or Dual L Available
ALOS-PALSAR-2 2014- 3ś100 14 Single or Dual L Commercial
JERS-1 1992ś1998 18 44 HH (single) L Restrained*

SAOCOM-1; 2 2018-; 2020- 10ś100 16 (8 in constellation) Full L Available
Kompsat-5 2013 1ś20 28 Full X Commercial
RCM 2019- 3ś100 12 (4 in constellation) Full C Commercial
PAZ 2018- 1ś15 11 Full X Commercial
SeaSat 1978 25 / L L Available

* Data access requires a research proposal via ESA (https://earth.esa.int/eogateway).

Note: In this research, we focus on SAR for observing ŕood events. In the literature,
it is the most commonly used type of satellite observation for monitoring ŕoods, thanks
to its ability to see through clouds and at night. For example, Tarpanelli et al. [2022]
demonstrates, through an analysis of Sentinel-1 optical satellite data, that for two satel-
lite constellations orbiting in both ascending and descending orbits, Sentinel-1 which can
detect ŕoods even with clouds could detect 58% of ŕood events in Europe (limited by
the revisit time of the satellite in comparison to the short duration time of most ŕood
events). When using optical images, obstructed by cloud cover, only 28% of ŕoods can
be detected.
While clouds are often present in optical satellite images, these data can be used when
they are cloud-free or to retrieve partial information on the study area when the cloud
cover is not complete. The calibration process of the ŕood model using ŕood maps
(Chapter 6) or water depth őelds (Chapter 7) extracted from SAR imagery could also
be applied with observations extracted from optical images.
To our knowledge, ŕoodplain roughness has not yet been calibrated using point-wise
data from altimeters (excluding swath altimetry), due to the sparse spatial coverage
and high revisit time. They have only been used for calibrating channel roughness
[Domeneghetti et al., 2014, 2021]. However, in the operational context, while not
sufficient for calibrating ŕoodplain roughness, they can still be used as validation data
and as additional points with low uncertainty in the calibration process.

SAR images are more challenging to interpret because the backscatter intensity is
linked to the roughness and dielectric properties of the images. However, they present a
valuable opportunity for ŕood monitoring. These properties are described in more detail
in Section 2.2.3.

2.2.3 A focus on Synthetic Aperture Radar

SAR observations appear as a useful source of distributed data for ŕood monitoring.
Their characteristics, such as spatial resolution, radiometric effects, geometric distortions,
scattering mechanisms, or the interaction of the SAR signal with water surfaces, must be
detailed to understand how to treat the images to extract data for calibrating ŕood models
and the sources of uncertainties.

https://browser.dataspace.copernicus.eu/
https://search.asf.alaska.edu/
http://saocom.asi.it:8081/
https://tpm-ds.eo.esa.int/smcat/Seasat/
https://earth.esa.int/eogateway
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2.2.3.1 Principle of radar imaging

Radar sensors can be both imaging and non-imaging. Imaging sensors provide a 2D image
of the Earth’s surface, while non-imaging sensors (including altimeters) compute only the
travel time of the emitted wave. We focus on imaging radar sensors with lateral viewing.
Radar sensors are based on an antenna that emits electromagnetic pulses of duration τ
(microwaves to radio waves), in the LOS direction as illustrated in Figure 2.9. When
the signal touches the ground, a portion is reŕected (backscattered) back to the antenna,
where its amplitude and phase are recorded (mono-static sensor). The received signal is
sampled according to its arrival time. The start of the received signal corresponds to the
part of the signal with a shorter travel time that interacted with the closest pixels to the
antenna (near range), while the end of the reception corresponds to the farthest pixels
(far range). The distance between the closer and farther illuminated pixels in the LOS
direction is referred to as the swath. The distance between the antenna and the ground,
denoted as slant range R, can be calculated. The nadir direction is the direction pointing
straight down from the satellite to the Earth’s surface. The look angle α of the LOS
direction is deőned relative to this nadir. The incidence angle between the radar signal
and the normal to the Earth’s surface is αi with differences between α and αi due to the
curvature of the Earth [Lillesand et al., 2015]. All the notations are summarized in Figure
2.9.

Pulses

A
nt

en
na

 L a

Swath

Ground range

R

Line of Sight

αi 

α
Nad

ir 
tr
ac

k

Azim
ut

h

di
re

ct
io
n

Incidence plan

t1

t0

t2

Figure 2.9: Acquisition geometry of a side-looking radar imager. The radar moves along
the azimuth direction and emits pulses in the Line Of Sight direction.

Spatial resolution The spatial resolution of a radar image is the shortest distance
that the sensor can distinguish between two objects. The resolution varies between the
azimuth and LOS directions. In the LOS direction, the resolution is a function of the
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duration of the emitted pulse τ , which is modulated in frequency (ensuring pixels are
illuminated with a different frequency and a sufficient power). Two illuminated objects
at the same time cannot be distinguished, so τ should be small.

Therefore, the spatial resolution of a pixel in the LOS direction in the sensor geometry
is:

rs =
cτ

2
=

c

2B
, (2.20)

where c is the celerity of light in air, and B is the bandwidth of the pulse. The spatial
resolution can be converted into the ground-range resolution using the incidence angle,
such as:

rG =
rs

sin(αi)
. (2.21)

For the azimuth direction, the resolution depends on the antenna’s beamwidth β:

rA = Rβ = R
λ

LA

, (2.22)

where LA is the length of the antenna and λ is the wavelength. Thus, to have a high-
resolution the size of the antenna LA should be important. The azimuth and LOS ground
spatial resolution depends on the wavelength and incidence angle, so across the scene, the
spatial resolution differs (e.g., the resolution improves when the pulse length τ decreases).
In practice, for a ground resolution of 10 m with a wavelength of 5.6 cm, an incidence
angle of 35°, and an altitude of 700 km (Sentinel-1 characteristics), an antenna of over 7
km is required. To address this issue, SAR sensors were developed to create a synthetic
antenna of that length using a shorter antenna.

Principle of Synthetic Aperture Radar SAR refers to radar systems that replicate
an extended antenna using the Doppler effect with a collection of radar echoes from a
hypothetical stationary ground scene as the system moves along the azimuth direction.
Because of the Doppler effect, the front part of the beam shifts, while the back part shifts
inversely. Each area on the ground is detected multiple times (depending on the beam
angle β), and their Doppler shifts are processed to produce a synthesized acquisition from
a single sensor with a longer antenna, as illustrated in Figure 2.10. Pixels in the far
range are observed more often than those in the near range. Finally, the resolution can
be deduced from the actual antenna length as [Ulaby et al., 1986]:

rA,SAR =
LA

2
. (2.23)

2.2.3.2 SAR backscatter

The wavelength is small compared to the length of propagation of the waves. Therefore,
the waves are approximated as a plane progressive wave. The electric őeld of a planar
progressive wave is:

E⃗(r⃗, t) =







Ex = ax cos(ωt− k⃗ · r⃗ + δx)

Ey = ay cos(ωt− k⃗ · r⃗ + δy)

Ez = 0,

(2.24)

where r⃗ is the position vector, ||⃗k|| = 2π
λ

is the wave number with λ the wavelength, ax
and ay are the amplitudes, ω = c||⃗k|| is the angular frequency, and δx and δy are the
initial phases of the waves.
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Figure 2.10: Principle of a Synthetic Aperture Radar sensor capturing the same point P
multiple times with an antenna of length LA to create a łsyntheticž antenna using the
Doppler effect. The shades of grey show the number of times the same area is seen in
the swath.

The ratio between the emitted wave and the reŕected wave can be computed since the
emitted wave is known and the received wave is measured. More generally, assuming that
the energy is reŕected isotropically [Woodhouse, 2017], the RCS writes:

σ = 4πR2
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2 . (2.25)

The RCS increases when the area of measurement increases (variable in the scene), so to
compare the coefficients, the RCS is normalized by the geometrical area of the ground
surface A to obtain the backscattering coefficient [Woodhouse, 2017]:

σ0 =
σ

A
. (2.26)

It should be noted that the power received back to the sensor not only depends on the
RCS of the target but also on the sensor parameters (slant range distance R and the gain
of the antenna G). For more details on a more comprehensive formulation that includes
both G and R, the reader can refer to Ulaby et al. [2015]. As such, a 2D satellite image
can be constructed with each pixel’s backscattering coefficient depending on the surface
and sensor parameters.

Note: In the following, we focus our attention on SAR intensity imagery only based on
the backscattering coefficient. However, it is also possible to use the phase of the signal
for InSAR or the polarization for SAR polarimetry.
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2.2.3.3 Radiometric noise

SAR images may contain granular noise texture called speckle (speckle pattern or speckle
noise) [Goodman, 1976], which looks like salt-and-pepper, with some very dark pixels and
some very bright pixels, as visualized in Figure 2.11.

Figure 2.11: Illustration of speckle noise on a Sentinel-1 image on the left and without
speckle on the right. The black zones correspond to water, and the brighter zones to
pasture areas.

SAR sensors emit only a single wavelength, so the waves interfere with each other,
creating interference. Random constructive and destructive interferences are generated
from many out-of-phase scattering echoes within a resolution cell [Gagnon and Jouan,
1997]. Speckle hinders the interpretation of SAR images, making it difficult to determine
the actual value of the backscatter. Pre-processing aims to remove speckle noise while
preserving the contours and ideally maintaining the spatio-temporal resolution of the
image. Speckle is a physical phenomenon; therefore, temporal and spatial models of the
speckle statistics are built to reduce speckle noise and estimate the underlying backscatter.

Spatial őltering Spatial őltering is performed on a single observation to reduce the
speckle effect, albeit at the cost of spatial resolution. A review of spatial őltering tech-
niques is available in Deledalle et al. [2014], or Lee and Pottier [2017]. The earliest
őlters averaged the mean or median value of a deőned rectangular window around a pixel
[Huang et al., 1979]. While averaging is reasonable in homogeneous land use areas where
the backscattering is expected to be similar, this approach is too simplistic and can re-
move the edges of features. These basic implementations have been enhanced in adaptive
őlters, which use local statistics of the images within small windows around each pixel
[Lee, 1980; Frost et al., 1982; Lee et al., 2008].

In recent years, new types of őlters have been developed with more advanced treat-
ments, such as non-local mean őlters that search for neighboring similar pixels [Di Martino
et al., 2016] or methods that take advantage of the phase or polarimetric properties from
different channels of SAR images and not only the backscattering intensity [Deledalle
et al., 2017]. With the growing number of observations, data-driven approaches are de-
veloped to infer the backscatter intensity of satellite images based on non-supervised or
supervised training on datasets [Dalsasso et al., 2021a,b]. Each type of őlter has its
advantages; thus, they are often combined to enhance the results of satellite image pre-
processing. The main drawback of spatial speckle őltering is that it smooths the images,
potentially resulting in a loss of information by artiőcially lowering the image resolution.
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Temporal őltering Temporal őltering uses several observations of the same orbit and
with the same incidence angle to reduce speckle. If there is a temporal dynamic (e.g., a
ŕood event) with changing targets between the temporal observations, this information is
lost or smoothed. However, these techniques efficiently reduce speckle and can be applied
to study static systems (e.g., land use evolution over the years). Basic methods of temporal
őltering apply a mean or median őlter to a temporal series. This straightforward approach
has been used for a long time, but similar to spatial őltering, data-driven approaches are
emerging for multi-temporal őltering of speckle noise [Meraoumia et al., 2023].

Note: As discussed, the raw SAR image are subject to speckle noise. This noise hinders
the interpretation of the imagery and limits the capability of the methods presented in
Section 2.2.5 to delineate the ŕood extent. In most ŕood studies using SAR imagery,
a single speckle noise őltering is used without taking into account the uncertainties due
to the preprocessing in the generated observations. In Chapter 4, the impact of these
őlters on the generation of ŕood maps and water depth őelds is evaluated.

2.2.3.4 Geometric effects

SAR sensors emit waves at an oblique incident angle, which causes geometric distortions
in the images. Terrain-related distortions commonly include radar shadowing, layover,
and foreshortening. These effects especially occur in mountainous regions or urban envi-
ronments and are illustrated in Figure 2.12 and are described hereafter:

• Foreshortening occurs when slopes facing the sensor appear shorter in the radar
image (slant-range) than in the ground range, as if they are ’leaning’ towards the
sensor (e.g., in Figure 2.12, |A’B’|<|AB|). This phenomenon intensiőes for lower
incidence angles as one approaches the nadir direction.

• Layover occurs when the tops of objects, such as mountains, are imaged ahead of
their bases. The top of the object is closer to the nadir than its base, making the
object seem to łlay overž its lower part.

• Shadows appear when the slopes facing away from the antenna are steeper than
the complementary incidence angle at the top of the slope. In these regions, the
image is dark due to the absence of a measured signal. Then, the area behind the
mountains is unseen. The phenomenon becomes more pronounced as the incident
angle increases or the local slope becomes steeper.

Other types of distortion, such as those caused by the motion of the satellite or moving
targets on the ground (e.g., cars or ships), may also be present in SAR images. The
interested reader can refer to Ulaby et al. [2015] and Woodhouse [2017] for further details.

2.2.4 Interaction of SAR with the Earth’s surface

When the waves hit the ground, part of the signal is reŕected to the antenna. To evaluate
the backscatter intensity (Equation (2.26)), the power received by the antenna’s sensor
is measured. This quantity mainly depends on the interaction between the signal and
the surface, as well as the properties of the SAR system. The predominant mechanisms
impacting the energy received by the antenna are described in the following subsections.
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Figure 2.12: Terrain distortions due to the incidence angle and topography.

2.2.4.1 Scattering mechanisms

Scattering mechanisms refer to the interactions of the SAR emitted waves with the target
on the ground. A target is a discrete object, a surface, or a volume that produces a
speciőc type of scattering mechanism. These interactions are usually classiőed into three
groups: surface scattering (specular reŕection or diffuse scattering), volume scattering,
and the double-bounce effect, as shown in 2.13:

Specular reflection

Double-bounce Diffuse scattering Volume scattering

Figure 2.13: Scattering mechanisms of Synthetic Aperture Radar signals on various
types of targets.

• Surface scattering can be classiőed into two phenomena: surface reŕection and dif-
fuse scattering. When the signal wavelength is smaller than the roughness of the
target, the target appears as a smooth surface (e.g., a lake or river without wind),
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resulting in specular reŕection. The signal is directed in the opposite direction (the
angle of incidence equals the angle of reŕection). In contrast, for rough surfaces, the
signal is reŕected in various directions, a process referred to as diffuse scattering.

• Volume scattering refers to the scattering of signals in a medium or volume contain-
ing discrete scatterers with different directional responses (e.g., snow, vegetation, or
leaves and branches in trees). The signal scatters multiple times within the volume
before returning to the sensor.

• Double-bounce scattering occurs in urban areas due to the presence of buildings,
which create corner reŕectors. The signal is then redirected to the antenna due to
the double bounce on the smooth surfaces.

Remark: For water surfaces and ŕoods, specular reŕection is the main scattering mech-
anism. Therefore, little energy is transmitted back to the antenna, resulting in a low
backscattering intensity in these areas. This is the main property used to identify ŕooded
areas on SAR imagery. More details on the detection of ŕooded areas are given in Section
2.2.5.

2.2.4.2 Inŕuence of wavelength

The wavelength of the waves is crucial as the scattering mechanism depends on it, as
discussed in the previous subsection. Furthermore, the penetration capacity of the signal
depends on the wavelength. For longer wavelengths, the signal generally penetrates more
deeply into the medium. Depending on the application, the wavelength of the satellite
sensor is selected differently, as described in Table 2.8. For example, in vegetated areas,
X-band SAR sensors mostly scatter at the tops of tree canopies, while C-band and L-
band signals penetrate deeper into the vegetation volumes, as visualized in Figure 2.15.
Similarly, in bare surfaces such as alluvial soils or glacier ice, X-band signals scatter close
to the surface, while C-band and L-band signals penetrate deeper into the medium. For
ŕood mapping, the usual wavelength is below 10 cm in the C-band. For instance, for
Sentinel-1, the wavelength is around 5.6 cm.

Table 2.8: Typically used wavelengths for SAR applications extracted from
Flores-Anderson et al. [2019].

Band Wavelength (cm) Typical applications

Ku 1.7ś2.4 Mainly used for satellite altimetry
X 2.4ś3.8 High spatial resolution for urban monitoring, ice and snow detection,

with little penetration into vegetation cover
C 3.8ś7.5 Most used band, for global ŕood mapping, change detection,

and monitoring areas with low to moderate vegetation
S 7.5ś15 Agricultural monitoring; extends C-band for denser vegetation
L 15ś30 Medium resolution for geophysical monitoring, biomass and

vegetation mapping, with high penetration
P 30ś100 Biomass and vegetation mapping

2.2.4.3 Inŕuence of incidence angle

The surface roughness is perceived differently depending on the incidence angle, as vi-
sualized in Figure 2.15. The backscatter can vary across the swath, not because of any
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physical differences, but only due to the incidence angle. Furthermore, between the near
range and the far range, the pixel size changes because of variations in the incidence angle.
In the near range, the scene is often much brighter than in the far range of the swath
due to stronger backscattering at lower incidence angles. Consequently, radiometric cali-
bration and incidence angle normalization are often required to compare the backscatter
across the entire swath.

2.2.4.4 Target properties

The interaction of the signal strongly depends on the physical properties (e.g., local vari-
ations in height and roughness) and electrical properties of the target.

One key parameter is the dielectric constant (or relative permittivity), which measures
how easily electromagnetic waves can propagate through or interact with a medium.
Mediums with low dielectric constants (e.g., sand, ice) allow waves to pass through with
minimal interaction, while those with high dielectric constants reŕect or absorb the signal.
Water has a high dielectric constant compared to other media (more than 30, while other
dry media have a dielectric constant lower than 5); therefore, soil moisture is one of
the most inŕuential factors on the dielectric constant of a medium. When propagating
through a dielectric medium, the waves attenuate and lose energy with exponential decay.
For low dielectric constants, such as those found in sand, penetration can reach several
meters. In contrast, in wet or highly conductive media, it is limited to the surface layer.

The scattering mechanisms also depend on surface roughness. However, roughness is
a relative quantity of the wavelength size, as visualized in Figure 2.15. An object may
appear smooth with a longer wavelength, while the same surface may be seen as rough
with a shorter wavelength. According to the Rayleigh criterion, a surface is smooth if:

σh <
λ

8cos(αi)
, (2.27)

where σh is the standard deviation of local height variations of the target (considering the
mean height of a target and its deviations), λ is the wavelength, and αi is the incidence
angle.

2.2.4.5 Inŕuence of polarization

(a) Electric őeld perpendicular to the
incidence plane: Horizontal polarization.

(b) Electric őeld parallel to the incidence
plane: Vertical polarization.

Figure 2.14: Polarization of the electric őeld of a planar wave.

Polarization of an electromagnetic wave refers to the orientation of the plane of os-
cillation in the orthogonal plane to the wave propagation, i.e., horizontal (H) or vertical
(V ) planes. For a linear wave, the polarization is visualized in Figure 2.14 in the incident
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plane (xOz). Four combinations of polarizations are possible: HH, V V , V H, and HV ,
with the őrst letter referring to the emitted signal and the second letter indicating the re-
ceived signal. Depending on the land use, the polarization inŕuences the measured energy
and hence the backscattering coefficient. According to the literature, HH polarization is
preferred for ŕood detection, because it is less sensitive to small roughness changes in the
water surface compared to V V polarization [Henry et al., 2006].
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Figure 2.15: Inŕuence of local height variations, incidence angle, wavelength, and
canopy density on backscatter mechanisms adapted from Lillesand et al. [2015] and
Landuyt [2021].
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2.2.5 Detection of water surfaces with SAR observations

Thanks to the properties of SAR sensors, water surfaces, and notably ŕoods, can be
identiőed on the images. Figure 2.16 summarizes the application of SAR images for ŕood
detection. A brief overview of the detection of water surfaces in open water, vegetated
areas, and urban areas is provided, as well as how data are extracted from images in the
existing literature.
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Figure 2.16: Mind map of ŕood mapping with Synthetic Aperture Radar observations.

2.2.5.1 Open water surfaces

Because of specular reŕection of water surfaces and high permittivity, open water surfaces
are easily identiőed on SAR images, appearing as dark homogeneous regions compared to
the brighter surroundings of dry areas [Ulaby, 1982]. SAR sensors depict a high sensitivity
to surface water, but they can misclassify water bodies due to the confusion between land
surface areas and water, which may have similar backscattering coefficients (e.g., dry
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sand, concrete areas, roads, parking lots, plane tarmacs) [O’Grady et al., 2011; Martinis
et al., 2018]. Strong winds or rain can increase the roughness of the free surface of
water, causing more diffuse reŕection. For open-water surfaces, classical approaches for
segmenting ŕood extent based on a single image or a stack of images are described in the
following paragraphs.

Visual interpretation Visual interpretation was the most widely used technique at the
beginning of SAR mapping for ŕoods, with experts manually digitizing ŕood boundaries
based on backscattering intensity, ŕood dynamics, and visible terrain features, such as
slope breaks, on topographic maps [Oberstadler et al., 1997; Brakenridge et al., 1998].
This method provides a preliminary estimate, but it is subjective, labor-intensive, and not
automated, making reproduction difficult; the results depend heavily on expert knowledge
[Mason et al., 2012a].

Thresholding Thresholding on the backscatter intensity is the most straightforward
technique for automated ŕood mapping. The dark pixels, corresponding to ŕooded areas,
are separated from the brighter pixels, which represent land. Automatic thresholding
methods are commonly used to determine optimal thresholds [Sezgin and Sankur, 2004],
such as those proposed by Otsu [1979], Kittler and Illingworth [1986], and Yen et al.
[1995]. While global thresholding on the whole image is simple, the separability between
classes strongly depends on the bimodality of the histogram of backscattering intensity.
Classiőcation errors may occur due to wind roughening or in the presence of bare soil,
so Hostache et al. [2009] proposed a dual-threshold approach, improving edge detection
by classifying pixels as certainly, potentially, or not ŕooded instead of using two classes.
To address spatial variability, local thresholding approaches have been suggested [Bovolo
and Bruzzone, 2007]. Local thresholding divides the image into representative areas where
both classes can be dichotomized before threshold selection [Martinis et al., 2009, 2015b;
Twele et al., 2016; Chini et al., 2017].

Active contour and region growing Thresholding methods often yield noisy classi-
őcations due to a lack of texture information. Active contour models, or snakes, detect
ŕood boundaries by minimizing an energy function based on texture and pixel statistics
[Horritt, 1999; Chan and Vese, 2001]. The curve is usually initialized using threshold-
ing approaches [Heremans et al., 2003]. Pixels within the contour that match ŕood-like
statistics are classiőed as ŕooded [Horritt et al., 2001]. Region growing expands an initial
ŕooded region and then checks if the neighboring pixels satisfy a condition (usually homo-
geneous statistics with neighbors) to be added to the delineated ŕooded region [Matgen
et al., 2011; Giustarini et al., 2012]. This step is repeated until no more pixels can be
added to the ŕooded region. Region growing is often used alongside other ŕood mapping
methods to reőne their outcomes [Martinis et al., 2015a; Matgen et al., 2011].

Change detection Change detection relies on SAR time series instead of a single im-
age. This technique aims to compare the same area at different observation times [Ban
and Yousif, 2012]. With reference to a non-ŕooded image, ŕooded pixels can be detected
through a decrease in the backscattering coefficient. Early techniques used only pairs
of images due to limited data [Rignot and Van Zyl, 1993; Bazi et al., 2005]. However,
when comparing images, the choice of reference images is essential [Hostache et al., 2012;
Schlaffer et al., 2015; Li et al., 2018]. For instance, vegetation may change with season-
ality and could be misclassiőed as water with a change in backscattering [Zhao et al.,
2021]. Multi-temporal analysis using image stacks (series of observations) helps exclude
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consistently low-backscatter areas, such as sand and vegetation, or assess seasonal effects
[Clement et al., 2018; Schlaffer et al., 2015]. Similarly, a threshold should be speciőed to
distinguish ŕooded from land pixels when comparing a series of observations.

Supervised classiőcation In recent years, supervised methods have been increasingly
used to detect ŕoods in SAR images [Bentivoglio et al., 2022]. Models are trained on
labeled datasets to identify classes in other images. Supervised methods became more
feasible with the release of labeled datasets like Sen1Floods11 [Bonaőlia et al., 2020]
and WorldFloods [Mateo-Garcia et al., 2021]. The supervised approaches used methods
such as RF [Breiman, 2001], SVM [Vapnik, 1999], and KNN [Fix and Hodges, 1951],
demonstrating high accuracy (>90%) across various test cases [Thanh Noi and Kappas,
2017]. CNN have seen rapid development in recent years, outperforming traditional image
processing techniques [Wieland and Martinis, 2019; Bonaőlia et al., 2020].

Probabilistic mapping Probabilistic ŕood mapping estimates the likelihood of each
pixel being ŕooded, unlike traditional deterministic ŕood maps, which dichotomize the
pixels into two classes. Bayesian approaches are used to generate ŕood probability maps
by estimating the posterior probability of ŕooding for each pixel based on its backscatter
value [Westerhoff et al., 2013; Giustarini et al., 2016]. These methods are enhanced by
incorporating additional information such as topography, distance from water bodies, and
InSAR coherence [Reőce et al., 2014; D’Addabbo et al., 2016]. Another common approach
for estimating the uncertainty of a pixel state is based on fuzzy set theory. Instead of
discrete class labels, fuzzy classiőcation assigns degrees of membership to each pixel across
different states. Dasgupta et al. [2018] used fuzzy classiőcation to derive possibility maps
that represent the spatial uncertainty of ŕood extent.

Note: All these methodologies for extracting ŕood maps from the backscattering coef-
őcient of SAR imagery have been tested on various rivers in the literature. Schumann
et al. [2009] and Di Baldassarre et al. [2011] highlight that the different methods for
ŕood mapping have their advantages and limitations, but no technique can be identiőed
as optimal in every case. However, operational studies often select a ŕood mapping
strategy without comparing the generated ŕood maps with those of other strategies, so
further investigation is still required, especially to characterize the uncertainties associ-
ated with the choice of ŕood mapping method. Few works evaluate the uncertainties due
to the choice of ŕood mapping method and its hyperparameters [Landuyt et al., 2018].
Therefore, in Chapter 4, these ŕood mapping methods (e.g., thresholding, change detec-
tion, active contour, and supervised classiőcation) are tested on a study area with various
hyperparameter conőgurations and using different speckle reduction methods. Indeed,
the results of the ŕood mapping methods may differ depending on the preprocessing
applied to the SAR images.

2.2.5.2 Vegetated areas

Detecting water in vegetated areas is more challenging than in open areas, due to the
complex interactions of the signal with the canopy. While the dominant scattering mech-
anism for open water surfaces is specular reŕection, ŕooded vegetated areas display a
wider range of scattering mechanisms. These mechanisms mainly depend on the capa-
bility of the signal to penetrate through the canopy, depending on the wavelength and
structural characteristics of the vegetation, as shown in Figure 2.15. When the signal
successfully penetrates through the canopy and reaches water surfaces, it often results in
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double-bounce scattering with vertical structures (e.g., stems, leaves, branches), leading to
an increase in backscatter intensity compared to non-ŕooded conditions [Pulvirenti et al.,
2013]. However, if the signal does not penetrate sufficiently into the canopy, distinguishing
between ŕooded and non-ŕooded pixels becomes difficult.

For low or sparse vegetation, C-band sensors have been shown to penetrate the canopy
with an increase in backscatter as expected [Lang et al., 2008]. Similarly, other studies
demonstrated the capability to map ŕoods in short vegetated areas using X-band sensors
[Pulvirenti et al., 2011; Pierdicca et al., 2017]. However, the backscatter intensity of
ŕooded vegetation can resemble that of urban areas or moist bare soils, leading to potential
misclassiőcations [Pulvirenti et al., 2015].

Despite these complexities, vegetated areas are usually treated with the same classiő-
cation techniques as open water surfaces, using backscatter intensity [Cian et al., 2018a;
Cazals et al., 2016; Grimaldi et al., 2020]. However, rather than detecting regions of
low backscatter, the objective is to identify an increase in backscatter values, which may
indicate the presence of ŕooding. To enhance the classiőcation accuracy of ŕooded vege-
tation, new methods employ InSAR to detect changes in the phase of the signal, thereby
spotting alterations in surface conditions and improving classiőcation compared to tradi-
tional methods [Reőce et al., 2014; Pulvirenti et al., 2015]. A review of the classiőcation
of vegetated areas is available in Tsyganskaya et al. [2018] and Grimaldi et al. [2020],
highlighting both traditional and coherence-based approaches.

2.2.5.3 Urban areas

In urban areas, detecting water is often challenging due to the complex structures of the
built environment, including buildings, roads, and various infrastructures. Urban areas
typically appear very bright in satellite images due to the double-bounce effect on vertical
structures (e.g., buildings, walls) and the high dielectric constants of materials like metal.
Smooth surfaces, such as asphalt roads, may exhibit a low backscatter intensity, similar
to that of water surfaces. Geometric distortions such as layover and shadows are often
present, caused by the height and density of buildings. Additionally, the urban features
are often smaller than the sensor resolution, which limits the ability to accurately interpret
ŕood extents in narrow streets or small alleys [Mason et al., 2012b].

Due to these limitations, ŕood mapping classiőcation in urban areas is more difficult
and generally less accurate than in rural or open environments. Traditional classiőcation
techniques, which are well-suited for open water detection, underperform in dense urban
areas. For instance, Mason et al. [2009b] and Giustarini et al. [2012] applied intensity-
based methods, such as region growing, which yielded good results in non-densely built-up
areas but resulted in a systematic underdetection of ŕooded areas in densely urban zones
due to geometric effects.

To mitigate this effect, recent research has explored the use of InSAR. As discussed in
Section 2.2.3.2 and Equation (2.24), the satellite emits a planar wave with a backscatter
intensity and signal phase. Comparing the phase values between two SAR images acquired
over the same area at different times allows the calculation of interferometric coherence.
In urban areas, high interferometric coherence usually corresponds to stable structures
like buildings or roads [Chini et al., 2019]. When comparing a non-ŕooded and ŕooded
image, it causes low interferometric coherence because of the phase changes. Then, low
interferometric coherence can be used as an indicator of ŕood presence [Giustarini et al.,
2012; Pulvirenti et al., 2015; Chini et al., 2019].
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2.2.5.4 Post-processing of ŕood extent

After segmenting ŕood extent from SAR images, post-processing is often applied to en-
hance the accuracy of the ŕood extent. Common post-processing techniques include
morphological operations, őltering based on object size, and the integration of ancillary
data such as DEM [Martinis et al., 2009].

Morphological operations are used to smooth ŕood boundaries and őll small holes
within the ŕood extent, yielding a more physically consistent ŕood extent. They can also
be used to remove small and isolated water patches that are unlikely to be part of the
ŕood, based on a minimum ŕood size ranging from 1,000 m2 to 10,000 m2, depending on
the applications.

Moreover, incorporating topographic information from DEM can eliminate falsely de-
tected ŕooded areas located on elevated terrain where water propagation is unlikely [Pul-
virenti et al., 2011]. Other studies reőne ŕood extent by excluding areas not prone to ŕood-
ing because of excessive slopes or based on the height above the nearest drainage [Twele
et al., 2016; Clement et al., 2018; Zhao et al., 2021]. To mitigate over-detection in urban
and mountainous regions, areas with shadow and layover regions can be excluded [Huang
et al., 2017; Mason et al., 2018]. Land use data are also used to exclude erroneously classi-
őed ŕooded pixels on roads or infrastructures [Tanguy et al., 2017; Grimaldi et al., 2020].
Other recent studies attempt to derive exclusion masks from the SAR images. Martinis
et al. [2018] developed a sand exclusion layer to mask out arid regions with low backscat-
ter that are often classiőed as water. Bauer-Marschallinger et al. [2018] proposed to mask
pixels with low backscatter variability in urban areas. These are examples, but multiple
exclusion masks exist focusing on speciőc conditions. Zhao et al. [2021] developed a general
exclusion map to automatically identify all pixels that cannot be classiőed as ŕooded or
non-ŕooded using SAR backscatter alone (shadow and layover caused by mountains/build-
ings, sand areas, permanent water bodies, and densely vegetated areas). This exclusion
map is available on the Global Flood Monitoring product from the Copernicus programme
(https://global-flood.emergency.copernicus.eu/glofas-forecasting/).

Note: The role of morphological operations to improve the delineation of ŕood maps
is studied in Chapter 4 to study the uncertainties due to the choice of ŕood mapping
conőguration, including post-processing. The role of exclusion layers was not investigated
in this work during the calibration of the models, however, it is promising for not taking
into account information in speciőc uncertain areas. The exclusion map from the Global
Flood Monitoring product was used in one of the methodologies presented in Chapter 4
to estimate a water depth őeld from satellite observations.

2.2.5.5 Water depth estimation

Water depths can be estimated from SAR satellite data with InSAR or by combining ŕood
extent with DEM. Another option with less spatial coverage is to resort to altimeters as
described in Section 2.2.2.2. A brief overview of the direct retrieval of water depth is
provided, as well as its derivation from ŕood maps.

SAR Interferometry Spatio-temporal changes in water level can be detected using
InSAR, exploiting phase differences between two or more acquisitions over the same area:

∆Φ =
4π

λ
∆R, (2.28)

https://global-flood.emergency.copernicus.eu/glofas-forecasting/
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where λ is the wavelength and ∆R is the distance change between images to the target
in the LOS direction. The water level change is then obtained:

∆h =
∆R

cos(αi)
. (2.29)

Over open water surfaces, InSAR is usually ineffective due to specular reŕection, resulting
in low coherence between the signals. However, in vegetated ŕoodplains or urban areas,
the signal returns to the antenna and the signal coherence remains between acquisitions,
allowing for interferometric analysis. This method can detect changes in water level with
a precision of up to several decimeters or meters. For instance, it was possible to retrieve
water levels in the Amazon ŕoodplain up to decimeter precision thanks to InSAR [Alsdorf
et al., 2001, 2007a].

Derivation from ŕood maps In Section 2.2.5.1, the ŕood extent classiőcation of SAR
images was introduced. The estimated ŕood extent can be combined with ancillary data
such as DEM to estimate water depths.

In ŕood extent maps, the easiest feature to identify is the contour corresponding to
the interface between wet and dry pixels where h = 0. Early methods in the late 20th
century overlaid ŕood maps with topographic contours to determine the water height on
the banks of the river [Oberstadler et al., 1997; Brakenridge et al., 1998], yielding a high
RMSE of up to 2 m across the ŕood extent. This procedure is schematically visualized in
Figure 2.17.
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Figure 2.17: Overlay of a ŕood map (red contour) on a Digital Elevation Model with
contour lines every 0.5 m of elevation.

Based on the elevation of the contour where h = 0, it is possible to reconstruct
the water depth őeld within the ŕood extent with simple assumptions such as a ŕat
free surface. Automatic methods, such as the FwDET, quantify water depth over the
entire ŕood extent, considering that the water is, on average, ŕat. Starting from the
border of the ŕood extent, each pixel within the ŕood extent is iteratively assigned the
elevation of the nearest boundary pixel [Cohen et al., 2018, 2019]. A smoothing step
is then performed to reduce artifacts from DEM-ŕood extent mismatches, though this
may also blur real topographic variations. Improvements to this method, incorporating
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additional data such as exclusion zones and permanent water masks, were introduced in
the FLEXTH methodology, reducing uncertainties by almost half [Betterle and Salamon,
2024]. Several studies then proposed determining the water depth at several cross-sections
along a river, given the edges of the ŕood extent on each cross-section and the assumption
that the free surface is ŕat, as illustrated in Figure 2.18. Between the cross-sections, the
water depth is interpolated [Schumann et al., 2007a].

Figure 2.18: Example of schematic cross-section analysis with a Digital Elevation Model
and a ŕood map (red contour) to estimate the water depth.

To introduce physics in the water depth estimation to avoid non-physical estimates,
some techniques aimed to introduce hydraulic constraints, treating ŕood patches as ŕat
and enforcing negative energy gradients from upstream to downstream of the river, though
they require detailed őeld knowledge [Raclot et al., 2003; Raclot, 2006; Puech et al., 2007;
Hostache et al., 2009]. Other methods use statistical analysis of boundary elevations [Cian
et al., 2018b; Brown et al., 2016] or determine the ŕood extent by őnding the best őt with
simulated ŕoods [Nguyen et al., 2016].

The uncertainty in water depth estimation is primarily due to the accuracy of ŕood
extent delineation and the DEM. Water depth uncertainty is assessed using ensemble
methods to generate various ŕood maps using different processing (e.g., speckle őltering,
ŕood extent methods, and hyperparameters, etc.) [Schumann et al., 2008a,c,d; Zwenzner
and Voigt, 2009; Schumann et al., 2011]. Table 2.9 summarizes the attempts to derive
water depths from SAR satellite data.

Note: The derivation of water depth őelds from ŕood maps is conducted in Chapter
4. In particular, the variability of the water depth estimates across different methods
and under various hyperparameters that require tuning is evaluated. The inŕuence of
the input ŕood maps, generated using the methods described in Section 2.2.5.1, on the
water depth estimates is evaluated. For generating the water depth őelds, SAR images
are őrst preprocessed to reduce speckle noise, after which ŕood maps are derived and
used to produce the water depth őelds. All these steps introduce uncertainties on the
outputs, which must be quantiőed to calibrate the 2D ŕood model.
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Table 2.9: Water depth retrieval from ŕood extents with their respective accuracies and
validation data.

Method Validation data Error
(RMSE)

Reference

Flood contours + DEM Field / Simulation 0.5ś2 m
Oberstadler et al.
[1997]; Brakenridge
et al. [1998]

Shorelines + simulation Field 0.2ś0.3 m
Mason et al. [2001]

Cross-sections + LiDAR High water marks 0.2ś0.7 m
Matgen et al. [2007a];
Schumann et al.
[2007a]

Contours / SRTM / LiDAR
+ regression

1D Simulation 0.35ś1.07 m
Schumann et al.
[2008b]

Hydraulic coherence + Li-
DAR

Field 0.3 m
Hostache et al. [2009]

Flood edges + LiDAR Aerial data <0.5 m
Mason et al. [2009a]

Delaunay interpolation + Li-
DAR

LiDAR 0.15 m
Brown et al. [2016]

Simulated rain őt to extent Field <0.2 m
Nguyen et al. [2016]

FwDET + LiDAR Simulation <0.7 m
Cohen et al. [2018,
2019]; Peter et al.
[2020]

Statistical boundary eleva-
tion

Simulation 0.5ś0.8 m
Cian et al. [2018b]

DEM + nearest neighbor +
HAND

Simulation <0.5 m
Bryant et al. [2022]

2.3 Summary

Flood events are commonly modeled using 2D SWE. These models should be calibrated
to őt the observations and improve their forecast capacity. A classical hypothesis in 2D
ŕood modeling is that the primary source of uncertainty is the bottom shear stress. This
term physically represents the resistance to ŕow due to interactions between the ŕow and
its boundaries. However, in practice, this term accounts for other uncertainties in the
model, such as topography, discharge, and boundary conditions.

A common approach in engineering studies is to model the bottom shear stress using
the Manning-Strickler formula. The parameter of this formulation (the Strickler or Man-
ning values) is typically spatially variable but assumed to be time-invariant during a ŕood
event. While this friction term should be calibrated, prior information is often available
to inform the roughness values. The spatial distribution of friction is based on land cover
classiőcation, and each homogeneous subdomain of land use in ŕoodplains is assigned a
roughness range using standard tabulated values. It advocates for using UQ to evaluate
the impacts of the Strickler parameter on the model outputs as described in Chapter 3
and applied in Chapters 6 and 7.
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Satellite observations can provide valuable data for calibrating roughness values. A
variety of sensors, including optical, radar, and altimeters, are available. Among these,
SAR is the most commonly used for ŕood monitoring. SAR sensors can monitor ŕoods day
and night, even through clouds, with high spatial resolution. Despite the low revisit time,
its spatially distributed observations can be used to calibrate roughness in the ŕoodplains.

SAR images are difficult to interpret because of the complexity of signal interactions,
which depend on parameters such as incidence angle, surface characteristics, wavelength,
geometric effects, or speckle noise. In rural areas, detecting water is generally easier,
as it appears as dark regions in SAR images. This is because water reŕects the radar
signal away from the sensor, producing low backscatter. Several methods are available
in the literature to generate ŕood maps and estimate water depth őelds, though with
uncertainties. These uncertainties are quantiőed in Chapter 4 by evaluating the impact
of each processing step used to transform raw SAR images into ŕood maps or water
depth estimates. In particular, this chapter highlighted the need to evaluate the impact of
speckle reduction, ŕood mapping, and water depth estimation methods, and the sensitivity
of results to hyperparameter tuning.

This chapter highlights, őrst, that 2D ŕood models are uncertain because parameters
such as roughness are based on expert judgment and implicitly absorb other model errors.
Secondly, satellite-derived observations are also uncertain, as their accuracy depends on
the processing applied to raw imagery. Therefore, DA provides a framework to calibrate
the model parameters through a compromise between the uncertain numerical model and
observations. The DA methods used in this thesis are presented in Chapter 3 and applied
in Chapters 6 and 7.



Chapter 3

Uncertainty Quantification and Data

Assimilation

Résumé :

Deux sources d’information sont disponibles pour améliorer la prévision des inondations
futures : les observations (par exemple, dérivées des observations par satellite) et les
modèles numériques. Les observations sont sujettes à des erreurs de mesure et de
traitement, tandis que les modèles reposent sur des simpliőcations et des paramètres
incertains. Ces deux sources d’information doivent être combinées pour calibrer le modèle
numérique, tout en tenant compte de leurs erreurs respectives. Pour relever ce déő, nous
présentons dans ce chapitre la quantiőcation d’incertitude et l’assimilation de données
qui fournissent des cadres méthodologiques adaptés. Les techniques de quantiőcation
d’incertitudes permettent de propager l’incertitude à travers le modèle et d’identiőer les
paramètres les plus inŕuents par le biais d’une analyse de sensibilité aőn de simpliőer
le problème d’optimisation. L’assimilation de données nous permet de combiner et de
trouver un compromis entre les observations et les modèles numériques. La section
3.2 est consacrée aux méthodes de quantiőcation d’incertitude et couvre la propagation
d’incertitude et l’analyse de sensibilité. La section 3.3 introduit les principaux concepts
du cadre de l’assimilation de données. La section 3.4 présente le problème de l’estimation
des paramètres avec une approche bayésienne ainsi que des solutions analytiques (par
exemple, meilleur estimateur linéaire sans biais). La section 3.5 présente l’approche
bayésienne pour des problèmes dépendant du temps (par exemple, őltre de Kalman,
őltre particulaire), et la section 3.6 décrit les approches variationnelles. Les éléments de
ce chapitre se sont appuyés sur les revues, cours et thèses suivants Nodet [2005]; Blayo
et al. [2011]; Robinson [2015]; Feyeux [2016]; Carrassi et al. [2018]; Mouradi [2021];
Rouzies [2023].
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Abstract:

In the context of the thesis, two sources of information are available to improve the
forecasting of future ŕood events: observations (e.g., derived from satellite observations)
and numerical models. The observations are subject to measurement and processing
errors, while models rely on simpliőcations and uncertain parameters. These two sources
of information should be combined to calibrate the numerical model, while accounting
for their respective errors. To address this challenge, we present in this chapter UQ
and DA, which provide powerful methodological frameworks. UQ techniques allow to
propagate uncertainty through the model, and identify the most inŕuential parameters
via sensitivity analysis to simplify the optimization problem. DA allows to combine
and őnd a compromise between observations and numerical models. Section 3.2 is
dedicated to UQ, covering uncertainty propagation and sensitivity analysis. Section 3.3
introduces the main concepts of the DA framework. Section 3.4 presents the parameter
estimation problem with a Bayesian approach and analytical solutions (e.g., BLUE).
Section 3.5 presents Bayesian approaches for time-dependent problems (e.g., KF and
PF), and Section 3.6 describes variational approaches. The elements of this chapter
are supported by the following reviews, courses, and theses: Nodet [2005]; Blayo et al.
[2011]; Robinson [2015]; Feyeux [2016]; Carrassi et al. [2018]; Mouradi [2021]; Rouzies
[2023].
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3.1 General notations

Before introducing UQ and DA frameworks, general notations are introduced and used
throughout this chapter. While this chapter presents a general overview of UQ and DA,
the notations are illustrated with the quantities they represent in the context of this thesis.

The aim is to calibrate a spatially roughness őeld represented by a vector θ =
[θ1, . . . , θNp ]. Each parameter (θi)1≤i≤Np represents typically a Strickler coefficient cor-
responding to one of the Np roughness subdomains deőned in the study area based on
the land use classiőcation. The ŕood model propagates the uncertain parameters through
time using a model M to simulate velocities and water depths. In this work, the state
variable x ∈ RNx refers to the simulated water depths, with the following dynamics
xk+1 = M(xk,θk). To calibrate the uncertain parameters, the state variables are com-
pared to observations yobs ∈ R

Nobs . The observations used in this work are either ŕood
maps (denoted in the following chapters as O ∈ R

Nx×Ny) consisting of matrices of 0 and
1 or water depth observations in the ŕoodplains extracted from a twin experiment or
satellite observations. For comparing x and yobs, an observation operator H : Nx → Nobs

transforms the state variables in the observation space (e.g., transformation of the simu-
lated water depth őeld into a ŕood map, or interpolation at the water depths locations).
More generally, we introduce the composition G = H ◦ M to directly map from the
parameters to the observations.

In the UQ framework, we consider that Y represents a quantity of interest derived
from the model outputs with an operator φ such as Y = φ(G(θ)). For a non-scalar
quantity of interest, the vector is denoted as Y. For instance, in Chapters 5 the quantity
Y of interest is the evaluation of a performance measure between the model outputs G(θ)
and observations yobs, and in Chapter 6, the quantities of interest are directly the results
of G(θ), the water depth at the observation locations.

For the DA framework, we introduce additional notations for the parameters and state
variables with superscripts b, a, f , and t corresponding to background, analysis, forecast,
and true state, respectively. The background εb and observation errors εo are modeled
with Gaussian variables with error covariance B and R, respectively. An additional
under-script k is added for time-dependent problems, with, for instance, xk representing
the state variable at time tk.

The principal notations used in this chapter are summarized in Table 3.1.

Table 3.1: Summary of symbols used in UQ/DA and their context in the thesis.

Symbol Meaning in UQ/DA Description/Context in thesis

θ ∈ R
Np Uncertain parameters Roughness coefficients

x ∈ R
Nx State variables Modeled water depths

yobs ∈ R
Nobs Observations Flood maps or water depths

M or M

(linearized)
Numerical model
xk+1 = M(xk,θk)

2D shallow-water solver
(TELEMAC-2D)

H or H

(linearized)
Observation operator Maps state variables to observation

space
G = H ◦M or
G (linearized)

Composite operator Maps parameters to observation space

Y = φ(G(θ)) Quantity of interest
(scalar)

Water depth at single points/
performance measures evaluation

Y Quantities of interest
(vector)

Water depth at several location or
times
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Symbol Meaning in UQ/DA Description/Context in thesis

xb, θb Background
state/parameter

Prior guess of roughness values before
assimilation

xa, θa Analysis
state/parameter

Updated estimate after assimilation

xf Forecast state Model propagation before update
xt, θt True state Unknown true water depth

őeld/roughness őeld
εobs ∼ N (0,R) Observation error SAR classiőcation uncertainty
εb ∼ N (0,B) Background error Prior uncertainty on roughness
B Background error

covariance
Uncertainty in background roughness

R Observation error
covariance

Uncertainty in water depth or ŕood
maps

Q Model error covariance Neglected

UQ and DA are presented within a probabilistic framework. For the uncertain param-
eters, state variables, and observations, the probability density functions are denoted as
p(θ), p(x), and p(yobs), respectively. To characterize the probability density functions,
statistical moments can be used. The k-th moment of a random variable Z is deőned as:

mk = E[Zk] =

∫

Zk p(Z) dZ. (3.1)

The őrst moment is the expectation of Z, denoted E[Z]. Its empirical estimate over a
sample {Z(i)}Ni=1 of size N is the statistical average denoted as Z̄ and calculated as:

E[Z] = Z̄ =
1

N

N∑

i=1

Z(i). (3.2)

Similarly, the second central moment is the variance of Z denoted Var(Z) = E
[
(Z −

E[Z])2
]
= E[Z2]−

(
E[Z]

)2
. Its empirical estimate is written as:

Var[Z] =
1

N − 1

N∑

i=1

(
Z(i) − Z̄

)2
. (3.3)

The standard deviation is derived from the variance as σZ =
√

Var(Z). The covariance
of two components Z1 and Z2 is the operator deőned as:

Cov(Z1, Z2) = E
[
(Z1 − E[Z1]) (Z2 − E[Z2])

]
. (3.4)

Covariance can be empirically estimated as:

Cov(Z1, Z2) =
1

N − 1

N∑

i=1

(
Z

(i)
1 − Z̄1

) (
Z

(i)
2 − Z̄2

)
. (3.5)

3.2 Uncertainty Quantification

3.2.1 Steps of an Uncertainty Quantification study

Numerical models aim to simulate real phenomena (e.g., ŕoods) by solving equations that
describe the dynamics of a system. However, they rely on simplifying assumptions (phys-
ical and numerical approximations), numerical schemes, and uncertain input parameters,
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so they never perfectly reproduce real phenomena. The objective of UQ studies is to
quantify the impact of these modeling uncertainties (often focusing on the uncertainties
in the input parameters) on a simulated quantity of interest [de Rocquigny et al., 2008;
Pasanisi and Dutfoy, 2011].

Figure 3.1 reports the general workŕow of UQ studies consisting of:

• Step A: Deőnition of the uncertain input parameters θ ∈ R
Np , the numerical model

M, the outputs G(θ) = H(M(θ)) with H an observation operator transforming the
model outputs into the observation space, and a quantity of interest Y = φ(G(θ))
extracted from the outputs with an operator φ. The distribution of the quantity
of interest is derived from Y either with statistical analysis (mean, variance, quan-
tiles, etc.) or by őtting empirically a probability distribution with kernel methods
[Silverman, 2018].

• Step B: The probability density functions of the input parameters θ are quantiőed
thanks to scientiőc literature, statistical őtting with in-situ measurements, or ex-
pertise. Usually, the parameters are considered to be independent, but sometimes
correlations between the parameters should be speciőed and taken into account.

• Step C: Uncertainty Propagation consists in applying the numerical model with
uncertain input parameters via various methods (e.g., Monte Carlo sampling strate-
gies) to estimate the distribution of the quantity of interest.

• Step D: SA quantiőes the input’s inŕuence on the quantity of interest variability.
The less inŕuential parameters are then őxed, and the most inŕuential ones are
calibrated. It reduces the complexity of calibration or DA problems by decreasing
their dimensionality.

• Step E: The input parameters θ are estimated using model outputs and observations.
This step is conducted using DA techniques in this work, but other parameter
estimation techniques can be used.

This section focuses on Step C and Step D of the UQ methodology. Section 3.2.2 de-
scribes the uncertainty propagation step. Then, Section 3.2.3 presents several algorithms
for sensitivity analysis.

Note: Chapter 2 highlighted the need to conduct a UQ study with the roughness őeld
to estimate the impact of its uncertainties in ŕood models on the outputs. Furthermore,
we noted that the main outputs of satellite observations are water depth őelds or ŕood
maps. Then, in this work, the quantity of interest will be either water depths at single
or several points and the computation of the similarity between the ŕood maps and a
reference (through what we will call a performance measure in Chapter 5). The other
sources of uncertainty in the model (e.g., boundary conditions, discretization, modeling
simpliőcations, topography) are not considered, as we assume that the roughness őeld
should compensate for these errors. Furthermore, the inlet discharge and the topography
are considered to be perfectly known and noise-free.

3.2.2 Uncertainty Propagation

In a typical Monte Carlo approach, Uncertainty Propagation aims to propagate the un-
certain input parameters θ with the numerical model and quantify the quantity of interest
Y . The uncertain input parameters are deőned with prior probability distributions, and
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Step B: Uncertainty 

sources

Modeling with probability 

distributions:

direct methods, statistics, 

expertise, experiments.

Step C: Uncertainty Propagation

Step A: Problem specification

Uncertain 

input 

parameters𝜽
Model

outputsℳ(𝜽)
Mapped

model 

outputs ℋ(ℳ 𝜽 )
Quantity of interest𝑌 = 𝜑 ℋ ℳ 𝜽

Step D: Sensitivity analysis, Ranking

Step E: Quantification of sources

Inverse methods, calibration, 

data assimilation

Observations𝒚𝒐𝒃𝒔

Figure 3.1: Sketch representing the different steps in an Uncertainty Quantiőcation
study adapted from Baudin et al. [2015].

N combinations of input parameters are generated (called DoE) to evaluate the model
at these points. The number of generated combinations should be high enough to ensure
convergence of the N -sample towards the distribution of the quantity of interest, but not
too high to prevent from computational expensive costs. There are various approaches
for generating DoE, such as:

• Random sampling: The most well-known and simplest technique is random sam-
pling, where samples are generated randomly from their probability distributions
using the Monte-Carlo method [Metropolis and Ulam, 1949]. Random sampling
may leave gaps in the parameter space, especially when the number of parameters
increases. To mitigate this problem, alternatives are possible, such as stratifying
techniques.

• LHS: In LHS, each input parameter range is divided into N equally probable inter-
vals to cover the whole parameter space [McKay et al., 2000]. Then, one value is
randomly selected from each interval without replacement. For a Np-dimensional
input space, there are (N !)Np possibilities to build the experimental design. An
extension of LHS is nested LHS [Meliani et al., 2019], which allows for successive
reőnements of a sample set while preserving stratiőcation properties. It ensures that
new samples added to an existing LHS design maintain the space-őlling character-
istics across multiple levels of ődelity.

• Low-discrepancy sequences: Let {θ(1), . . . ,θ(N)} be a sequence of N points in the
unit cube INp = [0, 1]Np and J a sub-interval of INp . Then, the discrepancy is given
by:

D⋆({θ(1), . . . ,θ(N)}) = sup
J

|A(J)
N

− V (J)|, (3.6)

where D∗ measures the maximum deviation between the N points and the uniform
distribution over sub-rectangle of the unit hypercube, A(J) is the number of points
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θ(i) in J , and V (J) the volume of J . Low discrepancy sequences are constructed to
minimize the discrepancy D∗ [L’Ecuyer and Lemieux, 2002].

Figure 3.2 reports 3 DoE with random sampling, LHS, and low-discrepancy sequences
generated with the OpenTURNS (an Open source initiative for the Treatment of Un-
certainties, Risks’N Statistics) Python library (https://openturns.github.io/www/).
For random sampling, the points are randomly distributed in the search space, and some
zones are not explored, while the spread in the search space is better for the other two
methods.

The Uncertainty Propagation was described with a Monte-Carlo classical approach.
However, alternative uncertainty propagation techniques exist, such as PCE, which ap-
proximate the model response as an expansion in orthogonal polynomials of the random
inputs. This approach can be more computationally friendly.
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Figure 3.2: Example of Design of Experiment with Random Sampling, Latin Hypercube
Sampling, and low discrepancy sequence in the search space [−1, 1]2 with uniform input
distributions.

Note: In the present thesis, the DoE is generated with LHS or nested LHS to en-
sure stratiőcation of the search space. This choice ensures good coverage of the high-
dimensional uncertain parameters (more than 90 in one of the study areas). It limits the
number of required simulations, given that the ŕood model is costly in this case.

3.2.3 Sensitivity Analysis

SA is used for various applications for modeling physical systems [Saltelli et al., 2004]. SA
improves the understanding of the numerical model by studying the relationship between
the input and output, or by deőning critical zones in the parameter space that lead
to extreme outcomes. It is often used to simplify the model by őxing non-inŕuential
parameters to reduce the dimensionality of the input space or to construct a metamodel.
SA methods dichotomized into two approaches: LSA and GSA.

https://openturns.github.io/www/
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• LSA analyzes the variation of the quantity of interest for a slight variation of the
input parameter around a reference value. The analysis is computed with partial
derivatives of the models around the reference value with adjoint differentiation
methods or őnite-difference approximation methods [Cacuci, 2003]. This enables
analyzing the behavior of the numerical model in the neighborhood of the reference
value, but may not apply to the entire input space, especially when the numerical
model is nonlinear.

• GSA, on the other hand, explores the variations of the quantity of interest for the
whole input space [Saltelli et al., 2008]. GSA can be performed to identify inŕu-
ential from non-inŕuential parameters (screening) or to rank the input parameters
depending on their inŕuence on the quantity of interest. There exists a wide va-
riety of GSA methods, and the choice of method highly depends on the numerical
model properties (e.g., number of parameters, dependence of the input parameters,
linearity of the numerical model, computation cost). For interested readers, reviews
of the different sensitivity analysis methods used in the context of environmental
models are available in Saltelli et al. [2000], Iooss and Lemaître [2015], and Pianosi
et al. [2016].

Screening techniques (e.g., Morris method), variance-based decomposition (e.g., Sobol’s
indices), and moment-independent measures are commonly used in GSA. These methods
are presented in the following sections. Most of the methods were developed for a scalar
quantity of interest. Then, the quantity of interest Y is a scalar output (e.g., water depth
at a point and for a given time, or performance measure evaluation between two ŕood
maps).

Note: In the present thesis, GSA is preferred over LSA since the ŕood model is nonlinear
and contains a larger number of uncertain parameters.

3.2.3.1 Screening methods

Screening methods determine in a few model evaluations, the behavior of the model and
identify the non-inŕuential parameters [Da Veiga et al., 2021]. Morris screening method
[Morris, 1991; Faivre et al., 2013] consists in computing elementary effects, i.e., quantifying
output variations between successive input points (on trajectories). The elementary effects
are averaged over multiple trajectories to provide a more global and robust assessment of
input sensitivities.

The input parameter space θ = {θ1, . . . , θNp} is mapped to a hypercube [0, 1]Np , and
discretized into a grid with L levels with a discretization step ∆. The intersection of
the different levels deőnes an ensemble of LNp nodes. Morris screening method consists
in moving each parameter by a step ∆ one at a time along a trajectory t starting from
a random node of the discretized hypercube. Then, the elementary effect of an input
parameter θi for trajectory t writes as:

EE
(t)
i =

Y (θ1, θ2, . . . , θi +∆, . . . , θNp)− Y (θ1, θ2, . . . , θi, . . . , θNp)

∆
(3.7)

Elementary effects are computed along r trajectories. Examples of trajectories in two
dimensions with L=9 levels are reported in Figure 3.3.
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Figure 3.3: Example of r = 4 trajectories in two dimensions on the Hypercube [0, 1]2

with L=9 levels and a discretization step of 1/8. The őlled circles represent the start of
the trajectories.

A statistical interpretation of the elementary effects can be computed with the mean
and variance for each input parameter on the r trajectories, such as:

µ∗
i =

1

r

r∑

t=1

∣
∣
∣EE

(t)
i

∣
∣
∣ and (σ∗

i )
2 =

1

r − 1

r∑

t=1

(

EE
(t)
i − µ∗

i

)2

(3.8)

µ∗ is considered low when it is close to zero (e.g., less than 5 to 10% of the variation
range of Y ), and high when approaching the total variation range of Y . Similarly, σ∗ is
considered low when it is much smaller than µ∗ and high when it is of the same order of
magnitude as µ∗. Then, three types of input parameters can be identiőed:

1. Low µ∗, and low σ∗: Inputs with negligible inŕuence.

2. Low µ∗, and high σ∗: Inputs with linear inŕuence without interaction.

3. High µ∗, and high σ∗: Inputs with nonlinear inŕuence and/or with interactions.

Remark: To ensure an unbiased exploration of the input space, the distribution of
the sampled points should follow a uniform distribution. Then, it is advised to use
a discretization step ∆ = L

2(L−1)
and consider at least 10 trajectories [Morris, 1991;

Campolongo et al., 2007].

3.2.3.2 Ranking methods for GSA

Screening methods classify parameter inputs as inŕuential or not, but do not rank their
inŕuence on the quantity of interest Y . Then, sensitivity methods that quantify the
effect of a parameter on the distribution of the quantity of interest must be used, with
sensitivity indices [Saltelli et al., 2008]. We őrst describe regression-based methods, the
variance-based Sobol method [Saltelli et al., 2004], and őnally introduce the Borgonovo
method [Borgonovo, 2007].
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Regression-based methods A simple approach for measuring the inŕuence of each
input on the output distribution is to consider linear correlations by evaluating the Pearson
(r) or the Standardized Regression Coefficient (SRC) deőned as:

r(θi, Y ) =
Cov(θi, Y )

√

Var[θi]Var[Y ]
SRC(θi, Y ) = βi

√

Var[θi]

Var[Y ]
, (3.9)

where βi is the estimated regression coefficient for input θi.
These coefficients are useful to quantify the inŕuence of the input parameters if the

model is linear. For nonlinear but monotone models, rank transformation can be used,
leading to SRRC and PRCC. However, for nonlinear and nonmonotonic models, these
approaches are often not adapted [Saltelli and Sobol, 1995].

Analysis of variances and Sobol’s indices for scalar outputs By decomposing
the output variance, these methods quantify the sensitivity of the quantity of interest to
each input and their interactions [Saltelli et al., 2004]. The most popular variance-based
method is the Sobol method [Sobol, 1993]. This method is based on the ANOVA decom-
position of Y . Its decomposition as a sum of elementary functions writes as [Hoeffding,
1992; Sobol, 1993]:

Y = f0 +

Np∑

i=1

fi(θi) +

Np∑

i<j

fi,j(θi, θj) + · · ·+ f1,...,Np(θ1, . . . , θNp), (3.10)

where f0 is a constant and the other functions verify:

∀k = 1, . . . , s ∀{i1, . . . , is} ⊆ {1, .., Np}
∫ 1

0

fi1,...,is(θi1 , . . . , θis)dθik = 0. (3.11)

If Y is square integrable on its domain and if the inputs are independent, then:

Var[Y ] =

Np∑

i=1

Vi +
∑

1<j

Vi,j +
∑

i<j<k

Vi,j,k + . . .+ V1,2,...,Np (3.12)

where Vi(Y ) = Var[E[Y |θi]], Vi,j(Y ) = Var[E[Y |θiθj]] − Vi(Y ) − Vj(Y ) etc. Then, Sobol
sensitivity indices are naturally deőned as:

SIi1,...,is =
Vi1,...,is
Var[Y ]

. (3.13)

The őrst-order Sobol index SIi =
Vi

Var[Y ]
only accounts for the variability of the quantity

of interest distribution due to the input parameter θi without interactions. It gives the
percentage of the variance (varying between 0 and 1) that can be reduced if the uncertainty
on θi is eliminated.

To estimate all the effects of an input on the quantity of interest, the total sensitivity
analysis index was introduced [Homma and Saltelli, 1996]:

TSIi = SIi +
∑

i ̸=j

SIi,j +
∑

j ̸=i,k ̸=i,j<k

SIi,j,k + . . . =
∑

l∈#i

SIl, (3.14)

where #i represents all the subsets of indices containing i. The total order Sobol index
represents both the direct effect on an input parameter θi and its interactions with the
other parameters on the output.

The Sobol indices are usually computed with Monte-Carlo methods [Sobol, 1993].
However, the convergence rate is in

√
N , requiring thousands of evaluations of the model.
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Sobol indices with PCE For costly numerical models, variance-based methods lever-
age the construction of metamodels with PCE. Any second-order random variable can be
decomposed with PCE in an unique decomposition [Ghanem and Spanos, 2003] such as:

Y =
∑

α∈NNp

yαψα(θ) (3.15)

where ψα is a polynomial orthonormal basis and yα are the coordinates of Y in the basis.
The PCE can be decomposed similarly to the ANOVA decomposition, and the Sobol’
indices are computed based on the post-treatment of the PCE [Sudret, 2008].

The computation of the PCE can be costly as the number of terms grows with the
size of the input parameter, so truncation schemes are used to build a sparse PCE. For
instance, the LARS method [Efron et al., 2004] was used to automatically detect the
PCE’s signiőcant coefficients [Blatman and Sudret, 2011].

Aggregated Sobol indices The Sobol indices were designed for scalar outputs. How-
ever, the quantity of interest can be a vector, such as water depth observations at multiple
points or times. For Y = [Y1, . . . , YNobs

] ∈ R
Nobs with Nobs the number of observations,

Gamboa et al. [2014] proposed an extension of Sobol indices called aggregated Sobol
indices. For a subset of input parameters A = {i1, . . . , is}, they are deőned as:

ASIA =

∑Nobs

j=1 Var[Yj](SIA)j
∑Nobs

j=1 Var[Yj]
(3.16)

where Var[Yj] is the variance of the j-th component of Y and (SIA)j is the Sobol index
of Yj for the subset of input parameters A.

Sobol indices are computed for each component of the output, so for high-dimensional
outputs, aggregated Sobol indices are costly. Lamboni et al. [2011] proposed to apply
PCA decomposition on Y to approximate the generalized indices of Gamboa et al. [2014].
Over the DoE with N realizations, the full set of outputs is deőned as:

Y =











Y
(1)
1 · · · Y

(1)
t · · · Y

(1)
Nobs

...
...

...
Y

(i)
1 · · · Y

(i)
t · · · Y

(i)
Nobs

...
...

...
Y

(N)
1 · · · Y

(N)
t · · · Y

(N)
Nobs











. (3.17)

The columns of Y are normalized and centered such that:

(Yc)t,i =
Y

(i)
t − E[Yt]
√

Var[Yt]
. (3.18)

The correlation matrix of the columns of Yc can be decomposed with PCA [Jolliffe and
Cadima, 2016] as:

Σ =
1

N
YT

c Yc =

Nobs∑

k=1

λkvkv
T
k , (3.19)

where vk are normalized (∥vk∥ =
√

vT
k vk = 1) and mutually orthogonal eigenvectors with

eigenvalues λk. Then, we have:

Y
(i)
t = E[Yt] +

Nobs∑

k=1

h
(i)
k (vk)t (3.20)
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where hk = Ycvk. Usually, Equation (3.20) is truncated with the J őrst components of
the PCA such that J ≪ Nobs. Finally, the generalized indices for any group of input
parameters A are given by:

GSIA =

∑J
j=1 λj(SIA)j
∑J

j=1 λj
, (3.21)

where (SIA)j is the Sobol index of hj for the group of input parameters A.

Density-based GSA The Sobol method assumes that the őrst two moments describe
entirely the quantity of interest distribution. However, in some applications, variance is
not sufficient. To address this limitation, alternative sensitivity analysis methods were
proposed. For instance, the HSIC method computes the covariance between any nonlinear
transformation of an input parameter and any nonlinear transformation of the quantity
of interest [Gretton et al., 2005]. The Borgonovo method [Borgonovo, 2007] (also called
δ-sensitivity measures) quantiőes the impact of input parameters on the entire output
distribution by comparing the unconditional output probability density function with its
conditional counterpart.

Borgonovo method Borgonovo method őnds groups of inputs that, if őxed, lead to the
most signiőcant modiőcation of the quantity of interest distribution. Let us consider p(Y )
the density of Y , and p(Y |θi) the conditional density of Y given that θi is őxed. Then, for
any subset A = [i1, . . . , is] of input parameters, the L1 distance between the unconditional
output and its conditional version (total area between the two curves) writes as:

s(θA) =

∫

R

|p(Y )− p(Y |θA)|dY. (3.22)

Borgonovo’s, δ-sensitivity is deőned for the group of input parameters θA as the expected
shifts between the distributions:

δA =
1

2
E [s(θA)] =

1

2
E

[∫

R

|p(Y )− p(Y |θA)| dY
]

(3.23)

Compared to Sobol’ indices, Borgonovo quantiőes any change in the shape of the output
distribution. They can be computed from any arbitrary Monte Carlo samples, but can be
computationally expensive for high-dimensional systems as they require reliable density
estimation. The Sobol and Borgonovo indices values cannot be compared directly, but
the ranking of the inputs for both methods reveals whether variance-based methods miss
some effects.

Note: In this work, the Sobol indices are used in conjunction with the Borgonovo
indices to verify that for two SA methods, the rankings match and ensure that inŕuential
parameters are identiőed as recommended in [Borgonovo, 2007; Pianosi et al., 2016].
Screening methods were not used, as we aim to rank the inŕuential parameters to gain
a better understanding of the role of each ŕoodplain subdomain. The methods are
applied in Chapters 6 and 7 to determine which ŕoodplain subdomains are inŕuential
with different quantities of interest (performance measure evaluation between simulated
and observed ŕood maps for Chapter 6, and simulated water depth őelds for Chapter 7).
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3.3 Introduction to Data Assimilation

DA can be traced back to the őrst Numerical Weather Prediction in the early 20th century
by Lewis Fry Richardson [Richardson, 1922] to update the state of the atmosphere. In
this őrst thought experiment, Richardson imagined solving the governing equations of
the atmosphere step-by-step by combining them with observations. He attempted to
make a 6-hour forecast at a point near Munich in Germany by solving an atmospheric
model by hand, initialized with a set of available observations. However, his forecast was
incorrect, predicting an unrealistic pressure change of over 145 hPa. It was considered
the őrst historical attempt to combine observations with a numerical model. The Second
World War accelerated the deployment of global measurement networks, and with the
development of the őrst computers, DA methods were developed in the 1950s and 1960s.
While DA was widely used for Numerical Weather Prediction in the 20th century, it is
now applied to various geoscience problems [Carrassi et al., 2018] such as ŕood forecasting
[Grimaldi et al., 2016; Schumann et al., 2022], hydrological modeling [Le Dimet et al.,
2009], őre propagation [Rochoux et al., 2014; Cheng et al., 2022], or oceanography [Martin
et al., 2015; Edwards et al., 2015].

DA can also be thought of as a particular case of an inverse problem that combines
observations and a dynamic model with a physical background and includes their respec-
tive errors (e.g., the error of representation, measurement error, model errors, etc.) [Asch
et al., 2016; Carrassi et al., 2018]. DA can be used to reach different goals:

• Forecasting problem: The future state of the system is predicted based on past
and current observations. The forecasting capacity of the system is enhanced by
updating it with an optimal initial condition.

• Smoothing or reanalysis problem: The past and current states of the system are
updated thanks to past and current observations. It helps analyze the system after-
wards and better understand its evolution. This technique is, for instance, used for
atmospheric reanalysis of the global climate, such as the ERA5 reanalysis product
[Hersbach et al., 2020].

• Filtering problem: Correct the current state of a system from current and past
observations.

• Calibration problem: Calibration or estimation problems aim to estimate the true
value of the parameters instead of the state variables.

In DA, different types of information coexist and interact. Before introducing the
methods to solve the introduced problems, we present the main concepts and notations
of DA in Figure 3.4 and in the following subsections:

3.3.1 State of the system

DA aims to estimate the state of a system, which is generally represented in a discrete
vector denoted as x ∈ R

Nx (e.g., water depth őeld in this work). The state vector con-
tains physical variables corresponding to one or several quantities, often spatially varying
(e.g., water depth, ŕow velocities, temperature), that the model evaluates using partial
differential equations with respect to time. In addition to the state variables, most models
depend on parameters that describe the inherent physical properties (e.g., roughness, soil
moisture) or empirical coefficients. These parameters, denoted as θ ∈ R

Np , are usually
uncertain and must be calibrated. For discrete-time dynamics, the state and parameter
vectors at time tk are denoted as xk and θk.
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Figure 3.4: Principle of Data Assimilation and notations of the problem on a schematic
example of a ŕood event.

Remark: The state vector x is linked with the parameters θ by the model such that
x = M(θ). The random vector θ is commonly referred to as the control vector, as it
controls the state variables through the numerical model. For 2D ŕood modeling, the
state vector is usually the water depth, the velocities at the mesh nodes or discharges,
and the parameters are the roughness values in different subdomains.

For joint state-parameter estimation, the state vector is usually replaced by an aug-
mented state combining both the state variables and the parameters such that:

z =

(
x

θ

)

∈ R
Nx+Np . (3.24)

3.3.2 True state

The true state of a physical system represents the actual, but generally unknown, values of
the state vector. The assimilation process aims to estimate the true state or parameter,
denoted as xt or θt. For evaluating DA algorithms, a usual practice is to use a twin
experiment where the true values of the state and parameter vectors are known.

3.3.3 Model

The governing equations of a physical system are solved with a model M (e.g., TELEMAC-
2D ŕood model). For linear systems, the model is denoted as M. In geoscience, it is
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typically a mathematical model solving differential equations, such as:







∂x

∂t
= M(t,x,θ)

x(t = 0) = x0

, (3.25)

where M is a function of time and space, and x0 is the initial state. In practice, numerical
models are usually discrete in time. The model propagates the state from tk to tk+1

according to:

xk+1 = M(xk,θk). (3.26)

However, Equation (3.26) is an idealized representation of the system dynamics. Mod-
els are simpliőcations of the true system, and the integration of the model between tk and
tk+1 introduces model errors. A more realistic representation is given:

xk+1 = M(xt
k,θ

t
k) + ηk, (3.27)

where ηk is the model error at time tk. This error originates from multiple sources,
including numerical discretization, approximations in representing physical processes, or
uncertainties in boundary conditions. ηk is often modeled as a Gaussian random variable
with mean and model covariance errors:

η̄k = E[ηk] Qk = E[(ηk − η̄k)(ηk − η̄k)
T ]. (3.28)

In practice, the quantiőcation of model errors is difficult. A common assumption is to
neglect model error by setting η = 0. Furthermore, in parameter estimation problems,
there is no time dynamics on the parameters, and a persistence model is considered, such
as θk+1 = θk.

Remark: In the following, the algorithms can be reformulated by replacing x with θ and
inversely, since we assume a deterministic dynamics xk+1 = M(xk,θ), with persistent
parameters and no model error. Correcting the parameter is therefore equivalent to
correcting the states.

3.3.4 Background knowledge

The background knowledge of the state or parameter is denoted by xb (for states) or θb

(for parameters). This term integrates all the knowledge before assimilating information.
For instance, the information is historical measurements, expert opinions, or the output
of the model from the propagation step of the assimilation of the previous window. The
background error is modeled as:

εbk = θb
k − θt

k. (3.29)

The background error is often modeled as a Gaussian random variable:

εbk ∼ N (0,Bk), (3.30)

where Bk is referred to as the background error covariance matrix at time tk. Background
knowledge is crucial in DA, as it acts as an initial guess and as a Tikhonov regularization
term to have a well-posed problem [Tikhonov and Arsenin, 1977].
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3.3.5 Observations and observation operator

The observation vector of a physical system is denoted as yobs ∈ R
Nobs . Observations

originate from various sources and may not correspond to the state variables; they may
measure other physical quantities or be located at positions that do not coincide with
the discretized model. The observations at time tk are related to the true system state
through an observation operator Hk : RNx → R

Nobs (for linear models, the observation
operator is denoted as H). Assuming additive noise, the observation model writes:

yobs
k = Hk(x

t
k) + εobsk , (3.31)

where εobsk is the observation error at time tk. H can represent the interpolation of
model states to sensor locations, the application of physical measurement models, or any
nonlinear transformation.

Observation errors arise from several sources, including measurement, processing, and
representativeness errors (local-scale phenomena are captured in the observation but not
accounted for in the model). The observation errors are supposed to be uncorrelated
(with Gaussian errors, independent processes are uncorrelated) with background errors.
The observation errors are considered as a realization of a Gaussian random variable:

εobsk ∼ N (0,Rk), (3.32)

where Rk is the observation error covariance matrix at time tk. A common assumption
is that Rk is diagonal, implying that the errors between observations are uncorrelated.

Despite the increasing availability of observations, from in-situ observations and re-
mote sensing, the number of observations is usually lower than the number of model states
in geosciences, with Nobs << Nx. Observations are used to improve the accuracy of the
model; however, the model remains essential for interpolating and extrapolating between
sparse observations.

3.3.6 Analysis

The parameter estimation problem with DA is summarized as:

Find θ such that:

{

θ is near θb

G(θ) is near yobs
. (3.33)

where the result of this analysis is xa = M(θa).

3.4 Bayesian approach

Data assimilation can be formulated within a Bayesian framework to combine the informa-
tion from the observations and background knowledge. Under Gaussian assumptions and
linear models, this leads to the BLUE, providing an analytical expression for parameter
estimation.

3.4.1 Bayesian formulation of DA

DA can be deőned with different mathematical frameworks (control theory, estimation)
[Asch et al., 2016]. The states and parameters, as well as the observations, are modeled
using random variables and are associated with probability density functions denoted as
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p(.). The Bayesian framework provides a natural approach for fusing observations with
the simulated state of the model. The goal is to improve the quantiőcation of the prior
probability of the parameters θb or states xb (both linked through the numerical model)
given observations yobs. Then, by applying Bayes’ theorem [Bayes, 1763], the problem
writes:

p(θ|yobs) =
p(yobs|θ)p(θ)

p(yobs)
, (3.34)

where p(θ|yobs) is the posterior distribution of θ conditioned on the observations yobs.
p(θ) is the background knowledge on the parameters, p(yobs) is the probability of the
observations yobs independently from θ and the likelihood p(yobs|θ) represents the proba-
bility of yobs conditioned on θ. The term p(yobs) is usually not computed as it intervenes
only as a normalization term and does not depend on θ, such that:

p(θ|yobs) ∝ p(yobs|θ)p(θ). (3.35)

Bayesian model calibration is typically solved with MCMC methods such as the Metropolis-
Hastings algorithm [Hastings, 1970]. These techniques require thousands of simulations
to sample the distributions and reach convergence of the posterior distribution, which can
be costly for evaluating expensive models. With DA assimilation techniques, the goal is
to integrate new observations when they are available. Under additional assumptions,
the Bayesian problem can be solved in a more computationally friendly way. For exam-
ple, analytical solutions such as the BLUE and KF are presented in Sections 3.4.2 and
3.5.1, ensemble methods based on Monte-Carlo sampling in Section 3.5, and variational
approaches in Section 3.6.

3.4.2 Best Linear Unbiased Estimator

BLUE analysis provides an exact solution to the Minimum Variance Estimation problem
with Bayesian formulation under different assumptions:

• The numerical model M and the observation operator H are linear.

• Model and observation errors are independent and unbiased.

• The analysis is a linear combination of the background and observations, such that
θa = Lθb + Kyobs, with E[θa] = 0 unbiased and having minimal variance Var[θa].

The objective is to őnd L and K for estimating the analyzed parameter θa. A simple
interpretation of the BLUE analysis in the scalar case assumes that H = 1. Under these
assumptions, the BLUE analysis simpliőes to:

θa = θb +
(σb)2

(σb)2 + (σobs)2
(yobs − θb), (3.36)

Var[θa] =
1

(σb)2
+

1

(σobs)2
, (3.37)

where σb and σobs are the standard deviations of the background and observation errors,
(σb)2

(σb)2+(σobs)2
is called gain factor and (yobs − θb) the innovation. In the general multidi-

mensional case, without assuming H = 1, the BLUE analysis writes:






K =BHT(HBHT + R)−1

Pa =(I − KH)B

θa =θb + K(yobs − Hθb)

, (3.38)
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where Pa is the analysis error covariance matrix, K is the Kalman gain and (yobs −Hθb)
is the innovation. The derivation of these equations can be found in Asch et al. [2016].
In the linear Gaussian case, Equation (3.38) is the MAP solution, providing an analytical
solution to the Bayesian problem.

3.5 Bayesian approach for time-dependent models

In the BLUE analysis, the temporal evolution of the state variables is not considered. This
formulation can be extended to temporal problems with similar ideas to assimilate obser-
vations sequentially, leading to the famous KF formulation. Then, alternative algorithms
based on Kalman őltering are introduced, such as the EnKF or EKF. The derivation of
the KF is presented as it is the basis of many DA approaches, such as the EnKF, which
is later used in the manuscript, in Chapter 7.

3.5.1 Kalman Filter

The KF [Kalman, 1960] and the Kalman-Bucy őlter [Kalman and Bucy, 1961] were in-
troduced in the early 60s and initially applied to navigation for the Apollo Project to
estimate the trajectory of the spacecraft. The KF is now widely used in various őelds,
including navigation, control systems, signal processing, robotics, őnance, etc. This őlter
extends the BLUE analysis to temporal problems, using the same assumptions. In the
KF, the control variable is usually the initial state of x, but may concern both the initial
state and/or parameters.

At each observation time tk, the őlter corrects the background estimate, referred to
as the forecast x

f
k , with the observation yobs

k . This correction produces a compromise
analysis state xa

k as shown in Figure 3.5.

Figure 3.5: Sequential Data Assimilation principle with a Kalman Filter. The analyzed
state xa

k is corrected with x
f
k and observation yobs

k . The forecast x
f
k comes from model

propagation starting from xa
k−1.

The following dynamic of the system is considered:






xt
0 = xb

0 + εb

xt
k = Mk−1,k x

t
k−1 + ηk ∀k ≥ 1

yobs
k = Hk x

t
k + εobsk ∀k ≥ 0

(3.39)
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where Mk−1,k is the transition matrix from time tk−1 to tk. The KF proceeds in two
alternative steps: forecasting and analysis.

Forecast step The forecast step propagates the model, as visualized by the green lines
in Figure 3.5. The associated forecast error for the uncorrelated model and analysis errors
is propagated with the covariance matrix:

P
f
k = E[(xf

k − xt
k)(x

f
k − xt

k)
T ]

= E[(Mk−1,kε
a
k−1 − ηk)(Mk−1,kε

a
k−1 − ηk)

T ]

= Mk−1,kE[(ε
a
k−1)(ε

a
k−1)

T ]MT
k−1,k + E[(ηk−1)(ηk−1)

T ]

= Mk−1,kP
a
k−1M

T
k−1,k +Qk

(3.40)

where εak = xa
k − xt

k is the analysis error, and Pa
k is the analysis error covariance matrix.

Analysis step Similarly to BLUE estimation, the forecast xa
k is combined with the

observation yobs
k using a linear update:

xa
k = Lkx

f
k +Kky

obs
k , (3.41)

The analysis error is deőned as:

εak = Lkε
f
k +Kkε

obs
k + (Lk +KkHk − I)xt

k, (3.42)

with Lk = I−KkHk to ensure Var[εa] = 0 is unbiased. Then, the Kalman gain Kk and
the analysis error covariance matrix Pa

k write as:

εak = xa
k − xt

k

= (xf
k − xt

k) +Kk(y
obs
k −Hkx

f
k)

= ε
f
k +Kk(Hkx

t
k + εobsk −Hkx

f
k)

= ε
f
k(I−KkHk) +Kkε

obs
k

. (3.43)

Pa
k = E[εak(ε

a
k)

T ]

= (I−KkHk)P
f
k(I−KkHk)

T +KkRkK
T
k .

(3.44)

The Kalman gain is computed by minimizing the trace of the analysis error covariance
matrix (need to compute the derivative of the trace with respect to Kk), leading to:

Kk = P
f
kH

T
k (Rk +HkP

f
kH

T
k )

−1. (3.45)

The Kalman gain Kk is a balance between the background and the observations, weighted
by their respective uncertainties.

Summary

Forecast step x
f
k = Mk−1,kx

a
k−1

P
f
k = Mk−1,kP

a
k−1M

T
k−1,k +Qk

Analysis step Kk = P
f
kH

T
k (Rk +HkP

f
kH

T
k )

−1

xa
k = x

f
k +Kk(y

obs
k −Hkx

f
k)

Pa
k = (I−KkHk)P

f
k(I−KkHk)

T +KkRkK
T
k

. (3.46)
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The KF is the optimal solution of p(xk|yobs
k:0) for Gaussian errors and linear models.

Remark: Environmental models are often nonlinear, which limits the applicability of
KF. Furthermore, the storage of covariance matrices and matrix computations can be
very costly in high dimensions. Therefore, the KF is rarely used in geosciences. Instead,
approximations of the KF are used. For instance, the model can be replaced with TLM,
leading to the EKF formulation. Another alternative is the EnKF, which addresses
nonlinearity and computational cost by representing error statistics using an ensemble of
model states.

3.5.2 Extended Kalman Filter

The EKF is an adaptation of the KF designed to handle nonlinearities in both the model
and observation operators. The EKF principle is based on a local linearization of the
operators at each time step around the current estimate of the state [Jazwinski, 1970].
The nonlinear model propagates the mean state, but the error covariance evolution is ap-
proximated using tangent linear operators. The tangent linear operators near the forecast
state are obtained with a Taylor series expansion:

Mk,k+1(x
a
k) = Mk,k+1(x

f
k) +Mk,k+1

(

xa
k − x

f
k

)

+O
(

∥xa
k − x

f
k∥2
)

,

Hk(x
a
k) = Hk(x

f
k) +Hk

(

xa
k − x

f
k

)

+O
(

∥xa
k − x

f
k∥2
)

.
(3.47)

where Mk,k+1 and Hk are the linear tangent operators (Jacobian matrices) evaluated at
the forecast state x

f
k of the model and observation operators, respectively. The EKF also

assumes that the errors follow Gaussian distributions.
For highly nonlinear operators, the analysis produced by the EKF is not optimal, and

its accuracy depends on the degree of nonlinearity [Miller et al., 1994]. The Gaussian
error covariance may deviate from a Gaussian distribution, and the EKF approximates
the estimation error distributions [Carrassi et al., 2018]. While the EKF was successfully
applied in meteorology [Ghil et al., 1981] and oceanography [Ghil and Malanotte-Rizzoli,
1991] studies, its application to large-scale dynamics is limited. The computation and
storage of the Kalman gain K and the error covariance matrices remain challenging for
high-dimensional geophysical models, such as Numerical Weather Prediction models or 2D
ŕood models. Indeed, the error covariance matrix P and the Kalman gain K dimensions
are proportional to the square of the state size. In geophysical systems such as Numerical
Weather Prediction models or 2D ŕood models, the number of states generally ranges from
106 to 1010 variables. Hence, the storage and computation of the matrices are prohibitive
and exceed the memory capacities of most computer architectures [Evensen, 2009a]. Thus,
the EKF, similarly to the KF (described and derived in Section 3.5.1), can only be applied
to low-dimensional systems. Therefore, ensemble-based approaches, such as the EnKF,
were developed because they avoid the explicit storage of K and P.

3.5.3 Ensemble Kalman Filter

The EnKF was developed in the 1990s by Evensen [1994] as an alternative to the KF and
EKF for high-dimensional systems. Unlike traditional KF, covariance matrices are prop-
agated with Monte Carlo sampling of model realizations. As illustrated in Figure 3.6, an
ensemble (of members) of N forecasted states {(xf

k)
(1), . . . , (xf

k)
(N)} is considered result-

ing from the propagation of the nonlinear models applied to the analysis state ensemble
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{(xa
k−1)

(1), . . . , (xa
k−1)

(N)} from the previous assimilation. Each member of this ensemble
is independently updated using the classical KF. The gain and covariance matrices Pa

k

and P
f
k are estimated empirically from the ensemble mean and covariance.

Figure 3.6: Sequential Data Assimilation with Ensemble Kalman Filter. Analysis
samples are computed (blue crosses) based on the observation yobs (orange hexagons)
and the forecasted ensemble xf (green dots). At each time step, the analysis ensemble is
propagated by the model (green trajectories).

Like previous sequential methods, the EnKF consists of a forecast and analysis step.
The following derivation, which considers a linear observation operator, can be easily
adapted to nonlinear operators [Evensen, 2009b].

Forecast step The forecast step generates and propagates an ensemble of N members.
The members are generated by sampling the distribution of the model parameters (the
background) or by perturbing the initial forecast state, such as:

∀i ∈ {1, . . . , N} (xf
0)

(i) = x
f
0 + δ(i), (3.48)

where δ(i) is a perturbation of the initial forecast. For updating the forecast covariance
matrix, an ensemble-anomaly covariance [Carrassi et al., 2018] is deőned as:

(Ef
k)

e =
1√

N − 1
[(xf

k)
(1) − x̄

f
k , . . . , (x

f
k)

(N) − x̄
f
k ], (3.49)

where the ensemble mean is x̄
f
k = 1

N

∑N
i=1(x

f
k)

(i). The superscript e denotes ensemble-
based estimates. Similarly, the ensemble-anomaly covariance matrix for the analysis is
derived with superscript a in place of f . The ensemble-based error covariance matrices
are then given by:

(Pf
k)

e = ((Ef
k)

e)((Ef
k)

e)T , (3.50)

(Pa
k)

e = ((Ea
k)

e)((Ea
k)

e)T . (3.51)



CHAPTER 3. UNCERTAINTY QUANTIFICATION AND DATA ASSIMILATION 83

Analysis step The analysis step deőnes the Kalman gain Kk, the analysis xa
k and the

analysis covariance matrix Pa
k. According to Evensen [1994], updating each ensemble

member with KF Equations (3.46) results in an ensemble with the correct mean and
covariance matrix, and there is no need to compute the full covariance matrices explicitly.
Furthermore, Burgers et al. [1998] proved that the EnKF analysis is consistent with the
KF when the observations are treated as random variables. Then, we consider an ensemble
of observations such as:

∀i ∈ {1, . . . , N} (yobs
k )(i) = yobs

k + (εobsk )(i). (3.52)

Similarly to the forecast step, an ensemble-anomaly matrix of the observations is consid-
ered, such that:

(Dobs
k )e =

1√
N − 1

[(yobs
k )(1) − ȳobs

k , . . . , (yobs
k )(N) − ȳobs

k ], (3.53)

where ȳobs
k = 1

N

∑N
i=1(y

obs
k )(i) is the mean of the ensemble of perturbed observations. Then

the ensemble covariance matrix is deőned as:

Re
k = (Dobs

k )e((Dobs
k )e)T . (3.54)

As N → ∞, this converges to the error covariance matrix deőned for the KF. Each
ensemble member is then updated as:

∀i ∈ {1, . . . , N} (xa
k)

(i) = (xf
k)

(i) + (Pf
k)

eHT
k [Hk(P

f
k)

eHT
k +Re

k]
−1[(yobs

k )(i) −Hk(x
f
k)

(i)],
(3.55)

with analysis ensemble mean:

x̄a
k = x̄

f
k + (Pf

k)
eHT

k [Hk(P
f
k)

eHT
k +Re

k]
−1[ ¯yobs

k −Hkx̄
f
k ]. (3.56)

Finally, the analysis ensemble-anomaly matrix (Ea
k)

e is computed analogously to (Ef
k)

e,
and the analysis covariance matrix is:

(Pa
k)

e = ((Ea
k)

e)((Ea
k)

e)T

= (I−Ke
kHk)(P

f
k)

e
, (3.57)

with Ke
k = (Pf

k)
eHT

k [Hk(P
f
k)

eHT
k +Re

k]
−1.

Summary

Forecast step ∀i ∈ {1, . . . , N} (xf
k)

(i) = Mk−1,k(x
a
k−1)

(i)

(Ef
k)

e =
1√

N − 1
[(xf

k)
(1) − x̄

f
k , . . . , (x

f
k)

(N) − x̄k
f ]

(Pf
k)

e = ((Ef
k)

e)((Ef
k)

e)T

Analysis step Ke
k = (Pf

k)
eHT

k [Hk(P
f
k)

eHT
k +Re

k]
−1

∀i ∈ {1, . . . , N} (xa
k)

(i) = (xf
k)

(i) +Ke
k((y

obs
k )(i) −Hk(x

f
k)

(i))

(Pa
k)

e = (I−Ke
kHk)(P

f
k)

e

.

(3.58)
EnKF is well suited for high-dimensional systems because it avoids the computation

and storage of large covariance matrices explicitly. It is currently the most widely used
algorithm for DA [Carrassi et al., 2018]. In ŕood modeling, it is often used to update the
water depths in the model for near-real-time ŕood mapping by assimilating ŕood extent
or water depth observations [Neal et al., 2007; Ziliani et al., 2019; Jafarzadegan et al.,
2021].
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3.5.4 Particle Filter

The PF solves the Bayes Equation (3.34) based on a sequential Monte Carlo method,
but without assuming a linear model or Gaussian error assumptions. It approximates
the posterior distribution probability with random samples (called particles). Each par-
ticle represents a possible state of the system, and the ensemble of particles provides
a Monte Carlo approximation conditioned on the observations. The simplest version is
the bootstrap PF introduced in Gordon et al. [1993]. The forecast probability density
p(xk | yobs

0:k−1) is approximated by a weighted empirical distribution with particles such as:

p(xk | yobs
0:k−1) ≈

N∑

i=1

ω
(i)
k−1 δ(xk − x

(i)
k ), (3.59)

where {x(i)
k }Ni=1 is the particles, {ω(i)

k−1}Ni=1 is their associated weights, and δ is delta-Dirac

masses each centered on a state x
(i)
k . The weights are normalized to sum to 1, since

Equation (3.59) represents a probability density function. A usual assumption for the
initialization at t = 0 is uniform weights. This approximation is the main simpliőcation
introduced by the PF when using a őnite ensemble N .

Forecast step The forecast step propagates the N particles forward in time with the
model:

p(xk+1 | yobs
0:k) =

N∑

i=1

ω
(i)
k p(xk+1 | x(i)

k )

∝
N∑

i=1

ω
(i)
k δ(xk+1 − x

(i)
k ).

(3.60)

Analysis step The analysis state consists of assimilating observation at time tk using
the Bayes rule:

p(xk | yobs
0:k) =

p(yobs
k | xk)

p(yobs
0:k)

p(xk | yobs
0:k−1)

=
N∑

i=1

ω
(i)
k−1 p(y

obs
k | x(i)

k )

p(yobs
0:k)

δ(xk − x
(i)
k )

∝
N∑

i=1

ω
(i)
k−1 p(y

obs
k | x(i)

k ) δ(xk − x
(i)
k ).

(3.61)

The update step suggests that the particle weights are updated:

ω
(i)
k ∝ ω

(i)
k−1p(y

obs
k | x(i)

k ). (3.62)

where p(yobs
k | x(i)

k ) is the likelihood.

Degeneracy and resampling A well-known problem of the PF is the degeneracy prob-
lem, where after several assimilation steps, one or a few particles largely dominate the
others, leading to poor distributions characterization of distributions. To mitigate this
problem, a resampling step is often introduced after the analysis step and before the next
forecasting step. Resampling generates a new set of particles {x(i)

k }1≤i≤N with replace-
ment, according to their weights. There are several methods for resampling the particles,
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including multinomial, stratiőed, residual, and systematic resampling. Once resampled,
all the particles are usually assigned equal weights in the classical SIR algorithm.

Remark: The PF is interesting due to its minimal assumptions, but it suffers from
the curse of dimensionality. The number of particles required to represent the posterior
probability distribution increases exponentially with the dimension of the state space.
Thus, its application is usually limited to low-dimensional problems, typically with a
state dimension of 10 to 20. For instance, they have been successfully applied to low-
dimensional problems such as target oceanographic models with simpliőed dynamics
[Van Leeuwen, 2009].

Note: In Chapter 7, the EnKF and PF are used to estimate the spatially variable rough-
ness on a schematic test case when assimilating water depth observations. As suggested
by this synthetic review of the methods, the state dimension should remain limited to
apply it. The PF is particularly costly, and the EnKF requires a large ensemble to ap-
proximate the error covariance, which is computationally expensive with our numerical
model. Thus, variational approaches were mainly used in the manuscript with a reduced
computational cost and fewer tuning parameters (no ensemble size). The variational
approaches are presented in Section 3.6.

3.6 Variational approaches

Variational approaches were historically introduced by Sasaki [1955, 1958] and extended
in the 1980s by Le Dimet and Talagrand [1986] and Talagrand and Courtier [1987] using
optimal control theory [Lions and Lelong, 1968]. These approaches are designed to esti-
mate the best trajectory of the model to őt to observations within an assimilation window
[t0, tK ] (for oceanography or ŕood modeling, the assimilation window can vary from some
hours to some days). The initial background state xb

0 or the model parameters θb
0 are

changed gradually to get the closest trajectory of the model states to the observations
within the assimilation window. In practice, the unknowns are evaluated by quantifying
the misőt between model predictions and measurements by minimizing a cost function.

3.6.1 Variational formulation

Over an assimilation window [t0, tK ], if an observation is available at each time step an
extended state vector containing all the time steps is x = [x0, . . . ,xK ]. The complete
variational DA scheme formulates as the minimization of a least square cost function in
terms of their covariance matrices B, R, and Q, over an assimilation window [t0, tK ]:

J(x) = ||x− xb||2B−1

︸ ︷︷ ︸

Jb

+ ||yobs −H(x)||2R−1

︸ ︷︷ ︸

Jo

+ ||F(x)||2Q−1

︸ ︷︷ ︸

Jq

, (3.63)

where Fk(x) = xk −M(xk−1) and ||x||2A = xTAx is the Euclidean norm with a weighting
matrix. With this minimization problem, the state trajectory is estimated not far from
the background (Jb), from the observation (Jo), and following the model equations (Jq).
In Equation (3.63), model linearity is not assumed, and no assumptions are made on
the statistical nature of model errors. This minimization problem is complex due to
the dimension of x (the size of the state vector multiplied by the number of time steps
in the assimilation window), and model errors are generally difficult to deőne. A usual
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Figure 3.7: Three-Dimensional Variational (3D-Var) and 4D-Var assimilation scheme
representation. The aim is to determine the optimal analysis trajectory (dashed blue
curve) from a background trajectory (green curve) and a set of observations (orange
marks).

assumption is to neglect model errors. The problem is said to be a łstrong constraintž with
this additional hypothesis, as opposed to łweak constraintž problems, including model
errors. In practice, additional hypotheses and approximations are considered to implement
variational DA. Three approximations are presented in the following sections: the 3D-Var,
the 4D-Var and the Incremental 4D-Var formulations.

3.6.2 Three-Dimensional Variational formulation

The 3D-Var algorithm is a non-temporal problem that minimizes a cost function to őnd
the best compromise between the observations and the background, as visualized in Figure
3.7. Its formulation simpliőes the problem deőned in Equation (3.63) considering that
the model is the identity (M = I) over the assimilation window. The problem is deőned
only by its initial state, resulting in x = x0 and Jq = 0. The cost function to minimize is
then deőned as:

J(x0) = (x0 − xb
0)

TB−1(x0 − xb
0) + (yobs −H(x0))

TR−1(yobs −H(x0))

= Jb(x
b
0) + Jo(x0).

(3.64)

Three-Dimensional Variational formulation and MAP The 3D-Var formulation
is closely linked to the evaluation of the MAP of the Bayes theorem to determine x0

conditioned on the observations. We recall the Bayes formulation formulated in Equation
(3.34)

p(x0|yobs) =
p(yobs|x0)p(x0)

p(yobs)
. (3.65)

The marginal likelihood on the observations p(yobs) does not depend on x0 so the com-
putation of the MAP is equivalent to maximizing:

p(x0|yobs) ∝ p(yobs|x0)p(x0). (3.66)

The errors on the control parameters x0 and on the observations yobs are considered
random variables deőned by Gaussian distributions, then:

p(x0) =
1

(2π)Nx/2 det(B)1/2
exp

(

−1

2
(x0 − xb

0)
⊤B−1(x0 − xb

0)

)

. (3.67)
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p(yobs | x0) =
1

(2π)Nobs/2 det(R)1/2
exp

(

−1

2
(yobs −H(x0))

⊤R−1(yobs −H(x0))

)

(3.68)

Finally, by taking the logarithm of Equation (3.66) and removing the constant non-
dependent on x0:

ln p(x0|yobs) ∝ ln
(
p(yobs|x0)p(x0)

)

= (x0 − xb
0)

TB−1(x0 − xb
0)

+ (yobs −H(x0))
TR−1(yobs −H(x0))

= Jb(x
b
0) + Jo(x0).

(3.69)

Thus, minimizing J(x0) is equivalent to maximizing the a posteriori probability density.

3D-Var and BLUE analysis For a linear observation operator, the solution of the
BLUE is equivalent to the 3D-Var formulation with the cost function J having a unique
optimum xa

0. The 3D-Var approaches the optimal with gradient descent in the direction:

∇J(x0) = 2B−1(x0 − xb
0)− 2HTR−1(yobs −Hx0) (3.70)

At the minimum of the cost function, ∇J(x0) = 0, so:

(HTR−1H+B−1)xa
0 = HTR−1yobs +B−1xb

0 (3.71)

Rewriting this, after several steps, the analysis update is:

xa
0 = xb

0 +K(yobs −Hxb
0) (3.72)

where the Kalman gain matrix K is deőned as:

K = BHT (HBHT +R)−1 (3.73)

This is the solution of the BLUE, proving the equivalence between the 3D-Var cost func-
tion minimization and the BLUE estimator for linear observation operators and Gaussian
errors.

3.6.3 Four-Dimensional Variational formulation

As opposed to 3D-Var, 4D-Var distinguishes the temporal dimensions for time-dependent
problems. While 3D-Var assimilates all observations at a single time step, 4D-Var incor-
porates observations distributed across multiple time steps.

As in 3D-Var, 4D-Var considers a strong constraint problem, meaning that the model
is perfect and error-free. Thus, the model error term is omitted in the cost function
(Jq = 0), and the model state trajectory x is fully determined from the initial state
x0. For determining this initial state, Hk(xk) is compared with the observations yobs

k at
various times tk as shown in Figure 3.7. The cost function balances the őt to the prior
background trajectory and agreement with observations:

J(x0) = Jb(x0) + Jo(x0). (3.74)

The discrepancy between x0 and the background term is similar to 3D-Var:

Jb(x0) = (x0 − xb
0)

TB−1(x0 − xb
0). (3.75)
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The observation term accounts for discrepancies between model predictions and observa-
tions at all observation times:

J0(x0) =
K∑

k=0

(
yobs
k −Hk(xk)

)T
R−1

k

(
yobs
k −Hk(xk)

)
. (3.76)

Given the deterministic nature of the model, each state xk can be expressed recursively
as a function of the initial state x0:

xk = Mk:0(x0)

= Mk−1,kMk−2,k−1 . . .M1:2M0,1x0

= Mk ◦Mk−1 ◦ · · · ◦M1(x0).

(3.77)

Finally, the 4D-Var cost function is deőned as:

J(x0) = Jb(x0) + Jo(x0)

= (x0 − xb
0)

TB−1(x0 − xb
0)+

K∑

k=0

(
yobs
k −Hk (Mk ◦ · · · ◦M1(x0))

)T
R−1

k

(
yobs
k −Hk (Mk ◦ · · · ◦M1(x0))

)
.

(3.78)

Remark: For linear operators M and H, and with KF hypotheses on the error covariance
matrices, the minimization of the cost function at the end of the assimilation window
results in the same solution as the őnal analysis of the KF.

The 4D-Var formulation can be further simpliőed by considering that H is linear, and
by using the Incremental 4D-Var or Multi-Incremental 4D-Var algorithms, which linearize
the dynamics around the current trajectory and minimize a convex cost function.

3.6.4 Incremental Four-Dimensional Variational formulation

The 4D-Var assimilation cost function deőned in Equation (3.78) involves a nonlinear nu-
merical model. The optimization procedure may result in local minima. To address this
issue, Courtier et al. [1994] introduced the Incremental 4D-Var, which enables the mini-
mization of a quadratic convex cost function. For weakly nonlinear models and nonlinear
observation operators, the dynamics can be linearized around the current trajectory, sim-
ilar to the EKF described in Section 3.5.2. The goal is to minimize a convex cost function
for an increment δx0:

δx0 = x0 − xb
0, (3.79)

where Mk and Hk are the linearizations of the model and observation operators, respec-
tively, such as:

Mk ◦· · ·◦M1(x0)−Mk ◦· · ·◦M1(x
b
0) ≈ Mk · · ·M1(x0 − xb

0)

Hk

(

Mk ◦· · ·◦M1(x0)
)

−Hk

(

Mk ◦· · ·◦M1(x
b
0)
)

≈ Hk

(

Mk ◦· · ·◦M1(x0)−

Mk ◦· · ·◦M1(x
b
0)
)

.

(3.80)
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With this linearization formulation, the cost function writes with respect to this increment:

J(δx0) = Jb(δx0) + Jo(δx0)

Jb(δx0) = δxT
0B

−1δx0

Jo(δx0) =
K∑

k=0

(
yobs
k −Hk (Mk ◦ · · · ◦M1(δx0))

)T
R−1

k

(
yobs
k −Hk (Mk ◦ · · · ◦M1(δx0))

)

=
K∑

k=0

(dk −HkMk . . .M1δx0)
TR−1

k (dk −HkMk . . .M1δx0).

(3.81)
where dk = yobs

k −Hk(Mk ◦ · · · ◦M1(x
b
0)) is the innovation vector. The resulting incre-

mental cost function J(δx0) is a quadratic approximation of the initial cost function. It
results in a unique absolute minimum, and it can be minimized more easily. The non-
linearities are treated incrementally since the linearized models are updated for each new
trajectory.

Note: In the present thesis, we have chosen to use 3D-Var formulation which is applied
in Chapter 6 and 7. 3D-Var was chosen as a cheaper alternative to avoid model and
adjoint integration of the 4D-Var. While 3D-Var was designed for static problems, it can
be used for high-dimensional dynamical problems. All the observations in an assimilation
window [t0, tK ] are assimilated as if observed at the initial time t = 0. Practically,
Equation (3.64) is minimized, and all of the observations are concatenated in a single
vector yobs, with the operator H mapping the model states into the observation space
(here the space with all the observations). The error covariance matrix R is adapted to
account for the uncertainties of all the observations.

3.6.5 Error covariance matrices: B and R

In variational DA, the estimation of the state variables depends on the deőnition of errors
B and R. As in the KF algorithm, when the background covariance matrix B is high-
dimensional, its inversion and storage are computationally challenging. The observation
error covariance matrix R is usually smaller (Nobs << Nx), but it can also become large
and difficult to handle.

Background covariance matrix B For the KF storing B is impossible for high-
dimensional systems. However, in the variational approach, only matrix-vector products
involving the inverse B−1 are computed, which avoids the need to store or explicitly invert
the full matrix. Instead of constructing the matrix, one deőnes an operator that takes a
vector A as input and returns the product B−1A as output, as described in Weaver and
Courtier [2001] and Ricci [2004].

Observation covariance matrix R The observation errors are usually considered to
be uncorrelated in both space and time [Cao et al., 2007], leading to a diagonal R, which is
trivial to invert. However, this assumption is often violated in environment models (e.g.,
in a 2D ŕood model, the errors on water depth measurements between two neighboring
positions are usually correlated in time and space). Another possibility is to deőne a
parametric correlation length between the errors, resulting in a sparse covariance matrix
with non-zero entries along the diagonal and near diagonal (e.g., spatial measurement
of the same variable at neighboring locations or times). In this approach, the covariance
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between two observation errors is modeled as a function of the spatial or temporal distance
between the observations, with, for instance, an exponential kernel such that:

Ri,j = (σobs)2exp(
−di,j
L

) (3.82)

where L is a deőned correlation length which determines the strength of the spatial error
correlation, di,j is the distance between the observation points (e.g., Euclidean distance
between the points locations) and (σobs)2 is the error variance. Another standard structure
is block diagonal covariance matrices, where independent variables are stored in yobs and
each of them is characterized by dependent errors, as in Robert et al. [2005]. These
hypotheses rarely hold completely in environmental applications [Robert et al., 2005]. As
an alternative, R can be estimated empirically from ensembles of repeated observations.
If a physical quantity is observed n times, the deviations from the sample mean can be
stored in a vector A′, and the covariance matrix deőned as R = 1

n−1
A′(A′)T.

Remark: Quantifying the errors B and R is key to őnding the compromise between the
background and the observations. In some calibration studies, observations are assumed
to be nearly error-free, resulting in small observation errors relative to the background.
However, when observation errors are non-negligible, B and R should be carefully es-
timated to reach the right balance between the background and the observations. In
Chapters 6 and 7, the role of the observation errors on the characterization of the
roughness őeld is evaluated.

3.6.6 Solutions to the variational problems

The minimization of the cost functions deőned for the previous variational approaches is
the following problem:

J(x0) = min
x0∈RNx

J(x0), (3.83)

The minimization methods based on gradients are usually described as:

xi+1
0 = xi

0 +∆idi (3.84)

where di ∈ R
Nx is the descent direction at iteration i, and ∆i ∈ R is the step size at

iteration i. Different descent methods vary in how the direction di and step size ∆i

are computed, such as steepest descent, Newton, or quasi-Newton methods. The cost
function value should decrease with the number of iterations, and xi

0 tends towards the
minimum more or less quickly depending on the descent method. In these strategies, the
gradient of the cost function is an essential component, which can be either computed
with őnite difference schemes or using the adjoint of the model. The following subsections
describe famous descent methods, and the őnite difference and adjoint method techniques
to compute the gradients.

3.6.6.1 Descent methods

One of the simplest descent methods is the steepest descent method. The steepest method
aims to őnd the minimum with a sequence xi

0 such that J(xi
0) decreases with the iteration

number i until the minimum is reached. The steepest direction is identiőed based on the
negative gradient di = −∇J(xi

0) and the step size ∆i via line search. For the line search,
once the direction di for iteration i is identiőed, ∆i can be quantiőed via minimization of
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f(∆) = J(xi
0 + ∆idi). It is a function of a single variable, so it is easy to minimize in a

few iterations with methods such as the one introduced in Powell [1964].
However, the steepest slope direction is not always the best direction, and alternative

methods to converge faster to the minimum have been proposed, such as methods based on
the Newton and Quasi-Newton methods. The Newton method accounts for the curvature
of the cost function via the Hessian matrix, such as:

xi+1
0 = xi

0 −
[
∇2J(xi

0)
]−1 ∇J(xi

0), (3.85)

where ∇2J(xi
0) is the Hessian of J , assuming its invertibility. The computation of the

Hessian at each iteration is prohibitive for large-scale problems.
To overcome this limitation, quasi-Newton methods were developed. These algorithms

construct an approximation of the Hessian or its inverse only based on gradient evalua-
tion (ensuring a limited computation cost). Among the most widely used quasi-Newton
methods is the BFGS algorithm [Broyden, 1970; Fletcher, 1970; Goldfarb, 1970; Shanno,
1970], which updates the inverse Hessian approximation using gradient differences and
step differences from previous iterations. The L-BFGS [Liu and Nocedal, 1989] or its
bounded L-BFGS-B version [Byrd et al., 1995], which imposes bounds on the parameters
to optimize, are particularly well-suited for large-dimensional problems.

3.6.6.2 Finite difference method

The most straightforward method for computing the gradient is to use őnite differences,
which consists of an approximation where the gradient is evaluated by varying each vari-
able of the cost function. For instance, for a őrst-order őnite difference scheme:

∇jJ(x0) ≈
J(x0 + ϵej)− J(x0)

ϵ
, (3.86)

where ej is the unit vector in the j−th direction, and ϵ is the differentiation step. ϵ should
be sufficiently small to accurately estimate the gradient of the cost function. Usually, a
őrst-order scheme is considered, since increasing the order increases the number of evalu-
ations of the costly nonlinear model. The őnite difference method is simple to implement,
but becomes computationally expensive when the dimension of x0 is signiőcant, since it
requires one forward model evaluation per control variable. For high-dimensional sys-
tems, the gradient of the cost function can be estimated more efficiently with the adjoint
method, when possible.

3.6.6.3 Adjoint method

To compute gradients more efficiently, one approach is to use an adjoint model, which
can be derived using the TLM or Lagrange Multipliers [Asch et al., 2016]. An adjoint
model propagates gradients backward in time, opposite to the forward model. It computes
how changes in control variables affect the output (cost function). The adjoint method
originates from optimal control theory [Lions, 1971; Le Dimet and Talagrand, 1986], and
allows the gradient with respect to control variables to be computed efficiently, regardless
of the number of control variables. Calculating the gradient with the adjoint model is
equivalent to őnding the solution of the adjoint model. While the computational cost of
solving the adjoint model is typically two to four times higher than that of the forward
model, it requires the same order of magnitude of time to run it [Griewank and Walther,
2008]. Then, only two model evaluations are needed for computing the gradient: a forward
model run and an adjoint model run.
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Remark: While this approach drastically reduces the number of evaluations of the
model for variational approaches, the adjoint of a high-dimensional system is difficult to
construct. It is an intrusive method, where the derivation of the adjoint model should
be updated any time there is a change in the direct model. The adjoint models are
derived based on code derivation techniques [Giering and Kaminski, 1998], by hand
[Weaver et al., 2003], or with automatic differentiation [Hascoet and Pascual, 2013].
The adjoint does not always exist for industrial codes because it is close to constructing
and maintaining a second version of the model. In addition, automatic differentiation is
not always feasible for large or poorly structured codes, making manual intervention and
code refactoring necessary.

Note: The adjoint of the TELEMAC-2D ŕood model is not available, so the őnite
difference scheme is used to estimate the gradient cost function. In the parameter
estimation problem where x = M(θ), the control variable is the input parameter vector
θ. The dimension of θ is lower than the dimension of the state. The dimension of
the parameter in the 2D ŕood models used in this research varies from 2 to around a
hundred. For costly model evaluation with a hundred parameters, the assimilation is
complicated, but it remains possible with HPC.

3.7 Summary

This chapter introduces the mathematical tools used in this thesis to combine uncertain
observations with an uncertain 2D ŕood model for calibrating ŕoodplain roughness. In
particular, we presented UQ, which is essential for studying the inŕuence of ŕoodplain
roughness and its variability on the model’s outputs. Techniques such as Sobol indices
computed via PCE are used in the following chapters to identify which roughness param-
eters are inŕuential in the ŕoodplains.

Once the inŕuential parameters are determined, DA techniques are applied to calibrate
them. This chapter reviewed different approaches, from the KF to variational approaches.
Based on this review, the 3D-Var technique is mainly used in the following. However, the
EnKF and PF are also tested on a schematic case in Chapter 7 to study the inŕuence
of the choice of DA techniques on the roughness parameterization. Beyond the methods
themselves, this chapter emphasizes the importance of carefully tuning the observation
and background errors to accurately estimate the state or parameters of the numerical
model.

The next chapters apply these tools in the context of ŕood modeling using satellite
observations. Chapter 5 focuses on deőning the appropriate quantity of interest when
comparing observed and simulated ŕood maps. Then, the presented SA and DA frame-
works are used to calibrate the ŕoodplain roughness by assimilating ŕood maps in Chapter
6 using 3D-Var with the performance measures identiőed in Chapter 5. Finally, the DA
techniques presented here are used in Chapter 7 to assimilate water depth őelds.



Chapter 4

Flood extent and water depth from

SAR observations

Résumé :

Ce chapitre vise à évaluer comment les différentes méthodes de prétraitement, de car-
tographie des inondations et d’estimation de la profondeur de l’eau affectent la pré-
cision et la őabilité des données hydrauliques obtenues par satellite. L’étude évalue
l’incertitude introduite à chaque étape du traitement des images SAR et vise à identiőer
des conőgurations robustes adaptées à une utilisation opérationnelle. Les méthodes de
prétraitement (en particulier le őltrage du chatoiement), de cartographie des inondations
et d’estimation de la profondeur de l’eau sont évaluées pour différentes conőgurations
d’hyperparamètres.

Abstract:

This chapter aims to evaluate how various preprocessing, ŕood mapping, and water depth
estimation methods affect the accuracy and reliability of satellite-derived hydraulic data.
The study evaluates the uncertainty introduced at each stage of SAR image process-
ing and identiőes robust conőgurations suitable for operational use. The preprocessing
(speckle őltering), ŕood mapping, and water depth estimation methods were all evalu-
ated for varying hyperparameter settings.
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OBSERVATIONS

4.1 Motivations

Chapter 2 introduced the principles of satellite remote sensing, and especially the possibil-
ity of identifying ŕoods using SAR imagery. Section 2.2.3 detailed the principles of SAR
and discussed its main sources of uncertainty. We also outlined the key steps involved
in the use of SAR data for ŕood-related applications, including preprocessing of raw im-
agery, ŕood extent mapping, and water depth estimation. Chapter 3, which presented DA
techniques, further emphasized the importance of quantifying observation uncertainties
for assimilating data into numerical models.

Thus, this chapter focuses on extracting information from satellite imagery (especially
from SAR) for calibrating and validating hydraulic models. The main contribution of this
chapter is to evaluate various preprocessing, ŕood mapping, and water depth estimation
methods with a particular focus on uncertainty evaluation. This chapter directly addresses
the őrst research question introduced in Chapter 1:

Research Question 1

What information can be derived from satellite observations to calibrate 2D ŕood
models, and how accurately can it be quantiőed?

Section 4.2 presents the proposed evaluation methodology for extracting ŕood extent
and water depth from SAR imagery. This section is written in the form of a paper
submitted to Natural Hazards and Earth System Sciences (NHESS). Then, Section 4.3
applies this evaluation methodology to a second case study on the Shannon River in
Ireland. In this case, ŕood maps from the Copernicus EMS are used as a validation
dataset in place of hydraulic simulations. Finally, Section 4.4 brieŕy introduces a user-
friendly interface developed to support practitioners in extracting hydraulic information
from satellite observations.

4.2 Preprint under revision

The following paper was submitted to Natural Hazards and Earth System Sciences (NHESS)
on 31 July 2025 and was revised on 30 December 2025.
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ABSTRACT

Flood mapping and water depth estimation from Synthetic Aperture Radar (SAR) imagery are
crucial for calibrating and validating hydraulic models. This study uses SAR imagery to evaluate
various preprocessing (especially speckle noise reduction), flood mapping, and water depth estimation
methods. The impact of the choice of method at different steps and its hyperparameters is studied by
considering an ensemble of preprocessed images, flood maps, and water depth fields.

The evaluation is conducted for two flood events on the Garonne River (France) in 2019 and 2021,
using hydrodynamic simulations and in-situ observations as reference data. Results show that the
speckle filtering method choice can significantly alter flood extent estimations with variations of
several square kilometers. Additionally, the selection and tuning of flood mapping methods signifi-
cantly affect performance. While supervised methods outperformed unsupervised ones, well-tuned
unsupervised approaches (such as local thresholding or change detection) can achieve comparable
results. The compounded uncertainty from preprocessing and flood mapping steps also introduces
substantial variability in the water depth field estimates.

This study highlights the importance of considering the entire processing pipeline, encompassing pre-
processing, flood mapping, and water depth estimation methods and their associated hyperparameters.
Rather than relying on a single configuration, adopting an ensemble approach and accounting for
methodological uncertainty should be privileged. For flood mapping, the method choice has the most
influence. For water depth estimation, the most influential processing step was the flood map input
resulting from the flood mapping step and the hyperparameters of the methods.
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1 Introduction

Flood risk management largely benefits from accurate, timely, and spatially extensive observations of flood events.
Satellite remote sensing allows the monitoring of large areas with increasing spatial and temporal resolution. Among the
various types of satellite sensors, Synthetic Aperture Radar (SAR) sensors are particularly valuable for flood monitoring
(Oberstadler et al., 1997; Bates, 2012). Unlike optical sensors, SAR sensors acquire images regardless of cloud coverage
and daylight, making them suitable for detecting flood events with high spatial resolution (Tarpanelli and Benveniste,
2019). Flood mapping with SAR imagery exploits the interaction between the emitted signal and water surfaces, which
typically results in dark spots in the images due to specular reflection where the smooth water surface mirrors the signal
away from the sensor (Hostache et al., 2009; Mason et al., 2009; Martinis, 2010).

Numerous methods have been developed to extract flood maps from SAR imagery, including global and local threshold-
ing methods (Chini et al., 2017; Mason et al., 2012), active contour models (Horritt, 1999), change detection methods
(Giustarini et al., 2012; Bovolo and Bruzzone, 2007) or supervised classification approaches (Bentivoglio et al., 2022;
Mateo-Garcia et al., 2021; Bonafilia et al., 2020). These flood maps provide essential data for model calibration and
validation (Di Baldassarre et al., 2009; Montanari et al., 2009), and data assimilation in hydraulic forecasting systems
(Hostache et al., 2010; Lai et al., 2014; Giustarini et al., 2011; Dasgupta et al., 2021).

Beyond generating flood maps, estimating water depth from SAR data is also valuable for hydraulic model calibration
and validation (Hostache et al., 2009; Schumann et al., 2007; Betterle and Salamon, 2024). These estimations usually
involve combining flood maps and ancillary datasets, such as Digital Elevation Models (DEMs) (Hostache et al., 2009;
Schumann et al., 2007; Betterle and Salamon, 2024) or outputs from hydrodynamic simulations (Brown et al., 2016).

However, extracting hydraulic information such as flood maps and water depth fields from SAR images is subject
to various sources of uncertainty. These include measurement noise (e.g., speckle), terrain-induced distortions, and
vegetation and infrastructure influence. Furthermore, uncertainty arises from methodological choices in the processing
workflow, such as noise filtering strategy, flood mapping methods, and hyperparameter settings. In this work, we refer
to hyperparameters as user-defined configuration values that govern the behavior of a method (e.g., window size for
speckle filtering, threshold level for flood classification) but are not learned from a calibration on observations such as
model parameters in numerical flood models. Previous studies attempted to quantify these uncertainties. For example,
Schumann et al. (2008) propagated geolocation uncertainties to derive ensembles of flood maps and associated water
depth. Similarly, Martinis et al. (2015b) compared various operational flood mapping strategies to study their relevance
in operational contexts. Landuyt et al. (2018) compared flood mapping methods with hyperparameter tuning across
multiple flood events in Ireland and the UK (comparison to Copernicus Emergency Mapping Service flood maps),
highlighting that method performance was highly variable depending on the study case and the fixed hyperparameters.
Tupas et al. (2023), Chini et al. (2017) and (Ghosh et al., 2024) drawn the same conclusions when evaluating the role of
parameterization in change detection, thresholding, and machine-learning based methods on the flood mapping outputs,
respectively. However, flood studies rarely analyze the influence of preprocessing or hyperparameter tuning across the
complete workflow, including flood mapping and water depth estimation. For instance, (Landuyt et al., 2018) assume a
unique preprocessing strategy for the satellite images without evaluating its role in the subsequent analysis.

In this study, we proposed a comprehensive workflow for SAR-based flood analysis, evaluating the sensitivity of
flood mapping and water depth estimation to different combinations of preprocessing, flood mapping, and water
depth estimation methods. The objective is to quantify the uncertainty introduced at each stage of the SAR image
processing and identify robust configurations for operational use. The preprocessing (speckle filtering), flood mapping,
and water depth estimation methods were all evaluated for varying hyperparameter settings. This evaluation was
carried out in an operational context with two flood events on the Garonne River in France in 2019 and 2021,
with two Sentinel-1 SAR observations available for both flood events. All code and data are publicly available to
facilitate reproducibility and further experimentation by the hydraulic modeling community at https://github.com/
jtravert/sar-flood-evaluation-framework.

This article is structured as follows. Section 2 describes the methodology and study area, including the satellite data
and validation datasets. Section 3 describes and applies the SAR image preprocessing steps, explicitly focusing on
speckle filtering strategies. Section 4 reviews and evaluates flood mapping approaches. Section 5 presents the estimation
of water depths from SAR-derived flood maps using DEMs. Section 6 discusses limitations of this study and their
operational use for model calibration. Finally, Section 7 provides conclusions and implications for operational flood
monitoring.

2 Methodology

The general workflow for processing SAR satellite images for flood applications is illustrated in Fig. 1.

2
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Figure 1: Workflow for processing Sentinel-1 (SAR) images to derive flood maps and water depth fields. Raw images
are preprocessed using 26 hyperparameter configurations, then each image is turned into 48 flood maps (or 432 if
using morphological operations). Each flood map is transformed into water depth fields using 19 configurations. The
configurations are described in Table 1.

The workflow consists of the following steps:

1. SAR image preprocessing: Raw SAR images are first preprocessed to improve flood signal extraction. Five
filtering methods were tested, including the Median filter, Lee filter (Lee, 1980), Lee Sigma filter (Lee et al.,
2008), Frost filter (Frost et al., 1982), and the SAR2SAR deep-learning-based approach (Dalsasso et al.,
2021). Each speckle filtering method was applied with a specific set of hyperparameters, resulting in 26
unique configurations: one configuration without any preprocessing (no hyperparameters), three configurations
each for the Median and Lee filters, nine configurations each for the Frost and Lee Sigma filters, and one
configuration for SAR2SAR.

2. Flood mapping: Each preprocessed image is used as input for flood mapping. Five methods were tested:
global thresholding, local thresholding, active contour models, change detection, and supervised classification.
These methods are also parameterized, resulting in an ensemble of flood maps for each preprocessed input.
Post-processing morphological operations are optionally applied to remove isolated water pixels or small
nonphysical holes caused by SAR speckle, geometric distortions, or flood map processing. In total, for
each input preprocessed image, 48 flood mapping configurations are tested: one configuration each for the
supervised classification models (no hyperparameters), two for global thresholding, two for change detection,
six for active contour, and 36 for local thresholding. When using morphological post-processing, nine
configurations were evaluated. With morphological operations, 432 flood mapping outputs (48 ×9) were
generated per preprocessed image.

3. Water depth estimation: Each flood map generated in the previous step, together with a Digital Elevation
Model (DEM) including the bathymetry for the river channel, is used to estimate water depth fields using
three methods: Fw-DET (Cohen et al., 2019), FLEXTH (Betterle and Salamon, 2024), and a cross-sectional
hydraulic approach. For each input flood map, 19 water depth estimation configurations are tested: one
configuration for the cross-section approach (no hyperparameters), nine for Fw-DET, and nine for FLEXTH.

The preprocessing, flood mapping, and water depth estimation methods are described in more details in Sections 3, 4 and
5 respectively. All the methods and their respective hyperparameters are summarized in Table 1. Although validation
datasets, such as hydrodynamic simulations, were used to support a better understanding of the methodology, the main
focus of the study was to explore the variability in outputs resulting from these choices, rather than to perform a strict

3
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validation. The range of the hyperparameters is based on classical values used in the literature to avoid non-physical
hyperparameter values.

Category Method/Filter Hyperparameter Hyperparameter values

Speckle filtering

No preprocessing - -
Median Window size {3; 5; 7}
Lee Window size {3; 5; 7}
Lee Sigma Window size {3; 5; 7}

Cumulative probability (ξ) {0.7; 0.8; 0.9}
Frost Window size {3; 5; 7}

Damping factor (α) {1; 2; 3}
Deep-learning-based (SAR2SAR) Model weights Pre-trained model weights (fixed)

Flood mapping

Global thresholding Threshold selection procedure {Otsu, Kittler and Illingworth}
Local thresholding Minimum tile size in pixels {100× 100; 200× 200}

Ashman’s D threshold {1.9; 2.0; 2.1}
Bhattacharyya coefficient {0.98; 0.99}
Surface ratio {0.05; 0.1; 0.15}

Active contour Contour smoothness (α) {0.05; 0.1; 0.2; 0.3; 0.4; 0.5}
Change detection Classification method Global or local thresholding
Supervised classification Model CNN or Random Forest (fixed weights)
Morphological operations Holes area in pixels {10; 50; 100}

Patches removal in pixels {10; 50; 100}

Water depth estimation

Fw-DET Slope threshold {no threshold; 5%; 10%}
Number of smoothing iterations {3; 5; 10}

FLEXTH Slope threshold {no threshold; 5%; 10%}
Maximum number of neighbors {5; 10; 20}

Cross-section analysis - -

Table 1: Overview of speckle filtering, flood mapping, and water depth estimation methods used in this study, along
with their associated hyperparameter sampling.

2.1 Study area and materials

The study area was the Garonne River between Tonneins and La Réole, in southwest of France (see Fig. 2). In this
section of the river, the river width is around 250 m and the floodplain is 1-4 km wide, mainly comprises rural areas used
for agricultural purposes. Since the end of the nineteenth century, the area has been equipped with dikes to protect urban
areas and infrastructures. The floodplain, aside from the presence of dikes, displays minimal topographic variation.

2.1.1 Satellite observations

The study area was observed during two flood events in December 2019 and early February 2021 by the Sentinel-1
C-band Synthetic Aperture Radar (SAR) instrument at 5.405 GHz. The extent of the study area and the satellite image
acquisitions are visualized in Fig. 2. Sentinel-1 ªGround Range Detectedº products were downloaded from ASF Data
Search Vertex (https://search.asf.alaska.edu/) in V H polarization. The role of polarization is beyond the
scope of this study. Most flood mapping methods rely on the analysis of a single polarization image. Accordingly, the
V H polarization was used since, in the literature, V H polarization better distinguishes flooded from dry areas than
V V polarization (Henry et al., 2006). Two additional Sentinel-1 images, acquired under non-flooded conditions, were
used as references for one of the flood mapping methods. For the 2019 event, the reference image was acquired on 10
December 2019. For the 2021 event, the reference observation was acquired on 28 January 2021. Each image consists
of an Nx ×Ny grid of pixels, with a spatial resolution of 10× 10 m. The images are projected onto a common grid that
covers the entire study area. Here, the image’s dimensions are Nx = 2644 and Ny = 2312. All times reported below
are given in Coordinated Universal Time (UTC).

2.1.2 Validation data

For comparing the observed flood maps and water depth fields derived from satellite images, observed water marks and
stage gauging stations are available. These observations were also compared to simulated flood maps and water depth
fields. The simulations are not the ground truth, but serve as a reference for comparison. The main goal of the study is
to compare the variability of the outputs due to preprocessing, method choices, and hyperparameters, so the validation
dataset is not the most important. We describe these datasets below.

Watermarks are visible traces left on buildings, trees, or other infrastructures during a flood event at the peak water level.
For both the 2019 and 2021 flood events, watermarks were collected and made available on the French collaborative
platform ªRepères de Cruesº (https://www.reperesdecrues.developpement-durable.gouv.fr/). For the
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Roughness subdomains

Figure 2: Visualization of the study area on the Garonne River in France with (a) the extent of the Sentinel-1 A (S1A)
and Sentinel-1 B (S1B) acquisitions during 2019 and 2021 floods event and (b) a zoom-in on the study area with in-situ
stage gauging stations and roughness subdomains.

2019 and 2021 flood events, 121 and 178 are available, respectively. For both events, satellite images were acquired
near the flood peak (17 December 2019 and 3 February 2021), so the watermarks should coincide with the water depths
extracted from the satellite images.

Three stage-gauging stations are available in the study area (Tonneins, Marmande, and La Réole). Discharge and water
level data at these locations during the flood events are available on Vigicrues (https://www.vigicrues.gouv.fr/,
a flood-monitoring service that collects watermarks during floods in France). The measured discharges at the three
stations for both flood events are shown in Fig. 2.

(b)(a)

Figure 3: Measured discharge at gauging stations (Tonneins, Marmande, and La Réole) during the (a) December 2019
and (b) February 2021 flood event.

For flood simulations, a numerical solution of the Shallow Water Equations (SWEs) was used and solved with
TELEMAC-2D, part of the openTELEMAC open-source hydrodynamic modeling system (www.opentelemac.org)
(Hervouet, 2007). The SWEs are expressed in Cartesian coordinates where gravity acts uniformly in the vertical
direction as −g−→ez :
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The system unknowns are the water depth h ≥ 0 and the depth-averaged velocity u−→ex + v−→ey both functions defined as
function of spatial coordinates x, y and time t ∈ [0, T ). The water surface is denoted by η = h+ zb, where zb(x, y)
is the prescribed bottom elevation. A constant viscosity νe > 0 is assumed, and the bed shear stress is expressed as
τbx

−→ex + τby
−→ey depending on the variables h, u, and v. The bed shear stress is computed using Manning-Strickler

formulation (Manning et al., 1890):






τbx = ρ·g·u
h1/3·K2

s

√
u2 + v2

τby = ρ·g·v
h1/3·K2

s

√
u2 + v2

, (4)

where Ks is the Strickler coefficient which varies spatially with x, and y (Morvan et al., 2008).

Upstream discharge was retrieved from the Tonneins stations for 11-21 December 2019 and 25 January-10 February
2021 and reported in Fig. 3. A rating curve was imposed at the downstream boundary. The simulations were initialized
at t = 0 with a base flow of 800 m3/s for the 2019 event, and 2300 m3/s for the 2021 event. One simulation was
conducted for each flood event. The Strickler values were calibrated in previous studies for the river channel (Besnard
and Goutal, 2011; El Garroussi et al., 2019; Nguyen et al., 2022), and are fixed in the floodplains based on the land
use (Chow et al., 1988). The spatial distribution of Strickler values used in the simulation is reported in Fig. 2 and
their values are described in Table 2 taking the median value of the Strickler value ranges of Design of Experiment 1.
Bathymetry in the channel was reconstructed from 70 cross-sectional elevation profiles, and floodplain topography was
obtained using data from IGN (the French National Institute of Geographic and Forest Information) combined with
aerial imagery. The reader can refer to Besnard and Goutal (2011) and Travert et al. (2025) for more information on the
construction and parameterization of the numerical model.

3 Satellite images preprocessing

Synthetic Aperture Radar (SAR) images, such as those acquired by Sentinel-1, require several preprocessing steps to
correct for sensor geometry, normalize radiometric responses, and suppress speckle noise. The processing chain adopted
in the present study is presented in Fig. 4 and comprises sequential operations: application of orbit files, removal of
thermal and border noise, radiometric calibration, speckle filtering, and terrain correction using the Range-Doppler
method. In the processing workflow for terrain correction and georeferencing, a Digital Elevation Model of the study
area at a 1 m resolution is used. Two alternative workflows were used depending on the speckle filtering strategy since
the deep-learning-based speckle filtering (SAR2SAR method) was trained on images without preprocessing, while the
other traditional filters were applied on calibrated images.

SAR data Apply orbit file Thermal noise removal Border noise removal Calibration Terrain correction

Speckle filtering
(SAR2SAR)

Speckle filtering

LeeMedian Lee Sigma Frost

Traditional method

Deep-learning based method

Figure 4: Preprocessing workflow for Sentinel-1 SAR images.
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In SAR imagery, speckle noise which arises from the coherent summation of scattered electromagnetic waves can be
present. It resembles salt and pepper with dark and bright pixels (see Fig. 5). It alters the statistical properties of the
image, preventing them from maintaining a consistent mean radiometric level in homogeneous areas (Bruniquel and
Lopes, 1997). Speckle noise is modeled with a randomly fluctuating variable, such as (Goodman, 1976):

Ii,j = Ri,j · Si,j , (5)

where I ∈ R
Nx×Ny denotes the observed intensity (raw image), R ∈ R

Nx×Ny the true radar backscatter, S ∈ R
Nx×Ny

the speckle component, and i, j the pixel locations. Si,j and Ri,j are assumed to be statistically independent.

3.1 Speckle filters methods

To mitigate the effects of noise, several speckle filters that aim to recover R the true radar backscatter while preserving
image structures have been proposed in the literature. A review on speckle filtering methods is available in Deledalle
et al. (2014) and Lee and Pottier (2017). In this study, we selected a representative set of widely used traditional filters
such as Frost, Lee, Lee Sigma, and Median filter, due to their simplicity and strong track record in SAR image denoising.
Additionally, we included a recent deep learning-based method to evaluate potential performance improvements from
modern data-driven approaches. The characteristics of these filters are summarized in Table 1. In the following sections,
each method is described in more detail.

The deep-learning based model (SAR2SAR model) was implemented via the deepdespeckling Python library available at
https://pypi.org/project/deepdespeckling/ (Dalsasso et al., 2021). The other traditional filtering operations
were conducted using the ESA SNAP toolbox. The complete preprocessing chain was automated using SNAP’s Graph
Processing Tool (GPT) and Python scripting, facilitating large-scale processing of SAR image stacks.

3.1.1 Median filter

The Median filter replaces the center pixel with the median value of all pixels within a local scanning window, such that:

R̂i,j = median {Im,n | i− k ≤ m ≤ i+ k, j − k ≤ n ≤ j + k} , (6)

with a window size of 2k+1 with k a non-negative integer. In this study, the window size is treated as a hyperparameter.
The median filter is effective at removing isolated spot noise, but it tends to blur edges and erase thin linear features (Lee,
1983). To address this limitation, other approaches referred to as adaptive filters have been developed that incorporate
local image statistics to better preserve structural details.

3.1.2 Lee filter

The Lee filter (Lee, 1980) accounts for the local statistics of the image within a moving window. From the multiplicative
noise definition in Equation 5, the mean and variance of R can be estimated, such as:

R̄i,j = Īi,j , Var(Ri,j) =
Var(Ii,j)− Ī2i,jVar(Si,j)

Var(Si,j) + S̄2
i,j

, (7)

where the quantities Īi,j and Var(Ii,j) are the local mean and variance of pixel intensities within a window of size
2k + 1 centered at (i, j). In this study, the window size is treated as a hyperparameter. The Lee Filter assumes a linear
estimator and using the local mean and variance within each scanning window, the estimator is written as:

R̂i,j = R̄i,j +
Var(Ri,j)

Var(Ii,j)
(Ii,j − S̄i,jR̄i,j). (8)

The Lee filter aims to reduce speckle in homogeneous areas while preserving image details, such as edges and fine
structures, in areas of high variance.

3.1.3 Lee Sigma filter

The Lee filter effectively reduces speckle noise but can cause blurry edges and loss of detail in heterogeneous areas.
To address this issue, the Lee Sigma filter (Lee, 1983) was introduced. It calculates local statistics similarly to the
Lee filter but using only the pixels whose intensities fall within a range to exclude outliers. The range is defined as

[R̄i,j − 2
√

Var(Si,j)R̄i,j , R̄i,j + 2
√

Var(Si,j)R̄i,j ]. Because the a priori mean, R̄i,j , is unknown, it is approximated
by Ii,j , the value of the center pixel.

An improved version (Lee et al., 2008) relaxes the usual range and introduces a new interval (I1, I2) that meets two
conditions:
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• The interval captures a fixed cumulative probability ξ:

ξ =

∫ I2

I1

p(I) dI, (9)

where p(I) is the empirical probability distribution of the pixel intensity computed on the scanning window.

• The mean within the interval must match the overall mean:

Ī =
1

ξ

∫ I2

I1

I p(I) dI. (10)

A value of ξ = 0.8 or 0.9 is often used, but a lower value of ξ may be selected to preserve SAR image texture
information and prevent potentially over-smoothing details (Lee et al., 2008). Two hyperparameters are used for the
Lee Sigma filter, the window size and ξ.

3.1.4 Frost filter

Similarly to the Lee filter, the Frost filter (Frost et al., 1982) is based on the local statistics of the images and the
multiplicative noise model. The Frost filter replaces a pixel value with a weighted sum of the values of its neighbors
within a moving scanning window, such that:

R̂i,j =
k

∑

m=−k

k
∑

n=−k

wm,n · Ii+m,j+n, (11)

where the weights wm,n decrease with distance from the pixel of interest with an exponential decay controlled by a
damping factor α, such that:

wm,n =
e−αd(m,n)

∑k
m=−k

∑k
n=−k e

−αd(m,n)
, (12)

with d(m,n) the Euclidean distance of pixels at position m,n from the pixel at the center of the scanning window.

For a pixel center located at i, j the distance is defined as d(m,n) =
√

(m− i)2 + (n− j)2. For the Frost filter, two
hyperparameters are considered in this study, the window size and the damping factor α.

3.1.5 Deep-learning based filtering

Due to the difficulty of removing speckle noise with empirical models based on image statistics, deep learning
approaches are increasingly used. SAR2SAR (Dalsasso et al., 2021) is a deep learning-based despeckling method using
a U-Net architecture (Ronneberger et al., 2015) which aims to predict speckle noise. The U-Net is trained with synthetic
speckle realizations, then fine-tuned on real SAR image pairs from a time series. After training, weights are used to
compute the denoised image as a function of input pixel intensities. In this study, we used a pre-trained model with
weights available at https://gitlab.telecom-paris.fr/ring/sar2sar. For SAR2SAR, no hyperparameters were tested.

3.2 Application of speckle filtering

We applied the five filtering methods for all hyperparameter configurations to the four Sentinel-1 SAR images (and to
the reference non-flooded images). In our implementation, the computation time for the speckle filtering step ranged
from a few seconds for the Lee and Median filters, to approximately 20-30 seconds for Lee Sigma and Frost filters,
and up to around 4 min for SAR2SAR method, on Intel(R) Core(TM) i7-11850H @ 2.50GHz processor. Visual
inspection and quantitative evaluations were carried out to compare the outputs of each method and their variability due
to hyperparameter settings. Figure 5 illustrates how these filters (for one hyperparameter configuration) influence the
backscatter for the same Sentinel-1 image.

The raw Sentinel-1 image (see Fig. 5a) exhibited significant speckle noise, appearing as salt and pepper granular
regions. All tested filter configurations reduced the noise to varying extents, with variable success for preserving the
edges. The Median and Lee filter (see Fig. 5b-c) reduced speckle noise but significantly blurred structural details
along curvilinear structures. The Lee Sigma and Frost filters (see Fig. 5d-e) better balance noise reduction and detail
preservation, effectively preserving both edges and textures. The SAR2SAR approach (see Fig. 5f) reduced the speckle
noise while visually preserving edge features.
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Backscattering intensity (dB)

-25 -10

(a) Raw image

No preprocessing

(b) Median

Window size 7×7 (k=3)

(f) SAR2SAR

No hyperparameters

(c) Lee

Window size 7×7 (k=3)

(e) Frost 

Window size 7×7 (k=3)

Damping factor 2 (α)

(d) Lee Sigma

Window size 7×7 (k=3)

Cumulative probability (ξ=0.9)

Figure 5: Backscatter intensity results from applying various speckle filters on a Sentinel-1 image in VH polarization.

The amount of speckle reduction can be quantified by calculating the Equivalent Number of Looks (ENL) over a
quasi-homogeneous area, defined as:

ENL =
¯̂
R2

Var(R̂)
, (13)

where
¯̂
R is the mean estimated intensity over a homogeneous area, and Var(R̂) is the variance of the estimated intensity

over that same area. ENL estimates the signal-to-noise ratio, and the higher the ENL, the better the speckle suppression.

The ENL was computed for two zones, including a dry vegetated region and flooded region in blue and orange,
respectively, in Fig. 6, for all the preprocessed images (corresponding to 26 configurations in total according to Table 1
plus one configuration without filtering) and for the four satellite images. The results are reported in Fig. 7, where
each point corresponds to the ratio of the ENL between one of the preprocessed images over the non processed image.
All filtering methods contributed to speckle reduction, as indicated by the systematically higher ENL ratio. It can
be noted that the reduction in speckle noise differs between the dry and flooded areas, with better improvements in
the dry region. The SAR2SAR achieved the highest ENL values across the different filtering methods (see Fig. 7a).
Traditional statistical filters, such as the Lee and Frost filters, also significantly improved ENL for some hyperparameter
configurations (largest window size and higher damping factor). The high variability of the ENL for the Lee, Median,
and Frost filters underlined the significant impact of the method’s hyperparameters on speckle reduction.

The quantitative analysis of edge and structure preservation is difficult because fine structures are close to the speckle
noise spatial resolution (Lee et al., 1994). Edge preservation was not quantitatively evaluated in this study. The
SAR2SAR approach gave the best quantitative results on noise reduction in homogeneous areas while visually
preserving edges and structures. Traditional filtering methods had similar ENL values for some hyperparameter settings,
showing their potential to reduce speckle noise but at the cost of preserving details (edge blurring) and the need for
hyperparameter tuning.

Speckle reduction aims to improve the interpretability of the images and the extraction of information. Thus, the role of
speckle reduction is analyzed in more detail in Section 4 and 5 to show its impact on interpreting SAR images and how
the variability in speckle reduction changes the output.
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Backscattering intensity (dB)
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(a) 16 December 2019 (b) 17 December 2019

(d) 3 February 2021(c) 2 February 2021

Figure 6: Four raw Sentinel-1 images in VH polarization of the 2019 and 2021 flood events on the Garonne River in
France. The blue and orange polygons are used for the Equivalent Number of Looks computation.

(a) (b)

Figure 7: Equivalent Number of Looks (ENL) ratio (between images with and without preprocessing) for the four
satellite images with different preprocessing for the dry homogeneous area (a) and flooded homogeneous area (b).

10



CHAPTER 4. FLOOD EXTENT AND WATER DEPTH FROM SAR
OBSERVATIONS 105

4 Flood mapping

In this study, we generated an ensemble of flood maps by applying several flood mapping methods across a range of
hyperparameters, listed in Table 1. The methodology for flood map generation is illustrated in Fig. 8, and follows this
general workflow:

1. Input: Preprocessed SAR images.

2. Method selection: Global thresholding, local thresholding, active contour models, change detection, or
supervised classification (Convolution Neural Networks, Random Forest). Each method is evaluated over a
range of hyperparameters (see Table 1). For instance, two methods for evaluating the threshold parameter are
tested for global thresholding.

3. Flood map generation: Each parameter configuration results in a flood map O ∈ {0, 1}Nx×Ny .

4. Post-processing (optional): Morphological operations are applied on the flood maps to fill small holes and
remove small elements not connected to the flood.

4.1 Methods

4.1.1 Global thresholding

Global thresholding of SAR images is a straightforward method to separate foreground (e.g., flooded pixels) from
background (e.g., dry pixels) widely used in flood mapping for their simplicity (Martinis et al., 2009; Schumann et al.,
2010; Pulvirenti et al., 2013). This approach assumes that the two-pixel classes (e.g., flooded and dry pixels) can be
separated with a threshold value for the whole image. The threshold value is usually determined automatically with
various methods (Sezgin and Sankur, 2004).

In this study, we evaluated the impact on the flood mapping of two widely used global thresholding methods: Otsu’s
method (Otsu, 1979) and the Kittler and Illingworth (KI) method (Kittler and Illingworth, 1986). Complementary
details on both methods are provided in Appendix A.1.

4.1.2 Local thresholding

Global thresholding assumes that the histogram is bimodal, which may not hold when the number of flooded pixels is
low or due to spatial variability in backscatter caused by terrain or surface conditions across the image. To address
this limitation, local-based thresholding was introduced (Martinis et al., 2015a; Twele et al., 2016; Chini et al., 2017).
Images are divided into smaller tiles to identify bimodal histograms representing flooded and dry classes. From
these identified sub-tiles, a threshold is computed with global thresholding. Following Chini et al. (2017), we used
quad-tree decomposition to recursively split the image until reaching a minimum tile size (to guarantee statistical
representativeness). A tile is eligible for thresholding if its histogram is bimodal, the distributions are normally
distributed, and both classes are sufficiently represented. These conditions are evaluated by computing three qualitative
coefficients (Ashman D, surface ratio, Bhattacharyya) described in Appendix A.2.

This study evaluated the impact on the flood mapping of the minimum tile size and of the three coefficients for different
values reported in Table 1.

4.1.3 Active contour models

A classical active contour model is based on the Chan-Vese segmentation method (Chan and Vese, 2001), which is
inspired by the Mumford±Shah model (Mumford and Shah, 1989). This approach determines a contour C that segments
the image into two regions so that the pixel intensities are approximately constant within each region. The segmentation
problem is formulated as the following minimization:

min
C

αLength(C) + ν Area(inside(C)) + λ1

∑

(i,j)∈inside(C)

(R̂i,j − c1)
2 + λ2

∑

(i,j)∈outside(C)

(R̂i,j − c2)
2, (14)

where α ≥ 0 controls the smoothness of the contour, ν ≥ 0 penalizes the area inside the contour, λ1, λ2 > 0 are
weighting the data fidelity inside and outside the contour, respectively, and c1 and c2 are the average intensities inside
and outside the contour C, respectively. The algorithm is adapted so that c1 < c2, forcing flooded pixels with lower
backscattering to be inside C.
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Figure 8: Schematic overview of the flood mapping methodology.
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In this study, we considered α as a hyperparameter, while the remaining parameters were fixed to λ1 = 2, λ2 = 1, and
ν = 0 for computational cost reasons. We chose to constrain the problem with λ1 > λ2 to favor the identification of
regions with lower mean intensities (typically associated with flooded areas in SAR imagery) as the foreground while
assigning higher-intensity regions to the background. Active contour models require an initial contour as a starting
condition for the segmentation process. Horritt (1999) suggests selecting the initial contour manually. In this study, the
contour was initialized using a map of permanent water bodies from the Global Flood Monitoring Service with a 10 m
resolution (https://global-flood.emergency.copernicus.eu/) (Martinis et al., 2022).

4.1.4 Change detection

Change detection methods require at least two satellite images of the same area, one during the flood and the others
before or after the event. The output of change detection methods depends on the reference image without floods, so the
reference image should be chosen carefully (Hostache et al., 2012). Although there are methods using a stack of images
(Clement et al., 2018), we focused on a pair of images. First, we computed the logarithmic difference between the two
images because of the multiplicative character of speckle noise (see Equation 5) (Bazi et al., 2005). Flooded pixels
are then classified using global thresholding described in Section 4.1.1 with consistent parameter sampling. Similarly
to global thresholding, the hyperparameter in the change detection method is the method to find the threshold on the
image (Otsu or KI).

4.1.5 Supervised classification

Two supervised classification methods, widely used for flood mapping based on labeled training data (Zhao et al.,
2020; Bentivoglio et al., 2022) are used in this work: Random Forests (RF) (Breiman, 2001) and Convolutional Neural
Networks (CNN) (LeCun et al., 2015). For the RF approach, the pixel intensity is used as a feature. With only one band
(VH polarization), the prediction capability of RF is limited. We added textural information by providing the mean
value of each pixel with window sizes of 3, 5, and 7 pixels, resulting in four features.

Both models are trained with the Sen1Floods11 dataset (Bonafilia et al., 2020) (including 11 flood events with various
geographic conditions) using V H polarization band and hand-labeled data dichotomizing flooded from dry regions.
The trained model weights were used to generate flood maps from satellite imagery based on pixels’ backscatter-
ing intensity. For reproducibility, the weights of both models are available at: https://github.com/jtravert/
sar-flood-evaluation-framework/tree/main/sources/1_FloodExtent/methods/MLweights. The train-
ing procedure for the CNN was adapted from Bonafilia et al. (2020). The Random Forest classifier was trained for
various numbers of estimators, maximum depth, and minimum leaf number with Bayesian optimization using the
Optuna Python library (Akiba et al., 2019) (https://pypi.org/project/optuna/). For supervised classification
methods, no hyperparameters are considered, as their hyperparameters were optimized during the training procedure
using Bayesian inference.

4.2 Post-processing of flood maps

After applying flood mapping methods, the flood maps can still contain artifacts caused by measurement noise, speckle,
or processing errors. To improve the spatial coherence of flood maps, morphological operations (standard methods used
in image processing) can be used to refine the flood maps. These operations include hole filling, which fills small gaps
within flooded regions, and removal of isolated patches not physically connected to the flooded areas.

In this study, the influence of these operations was studied for holes and small patches of water from 1,000 m2 to 10,000
m2. We applied morphological operations by filling holes of less than 10, 50, or 100 pixels and removing unconnected
patches of less than 10, 50, or 100 pixels, representing nine configurations. The number of filled/removed pixels is the
hyperparameter for morphological operations.

4.3 Results

Flood maps were generated using the five flood mapping methods with the hyperparameter settings detailed in Table 1.
For each satellite acquisition, 1,248 generated flood maps were produced (26 speckle filtering configurations × 48 flood
mapping setups). These flood maps were optionally processed with morphological operations (nine configurations),
resulting in 10,998 additional possible flood map variations for each satellite acquisition. In our implementation, the
computation time for mapping a flood on a single preprocessed image was a few seconds for all methods, except for
active contour, which required 5 to 10 minutes (depending on the smoothing hyperparameter), on Intel(R) Core(TM)
i7-11850H @ 2.50GHz processor. Each generated flood map was compared against hydrodynamic simulations, as
described in Section 2.1.2. The evaluation process comparing observations to simulations focused on floodplain areas,
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excluding permanent water bodies and exclusion zones. The exclusion layer indicates areas where the satellite sensor
cannot accurately discriminate flooded areas from dry areas due to water-look-alike conditions (e.g., roads, dikes,
wetlands). The exclusion mask on the Garonne domain was retrieved from the Global Flood Monitoring service and the
generation process is described in Wagner et al. (2026).

At the grid points, a hit occurs when a pixel is correctly predicted to be flooded (True Positive (TP )), and a correct
rejection (True Negative (TN )) occurs when it is correctly predicted to be dry. A false alarm (False Positive (FP )) and
a miss (False Negative (FN )) occur when a pixel is simulated as flooded or dry, respectively, whereas the opposite is
observed. Two standard metrics for comparing flood maps (Hunter, 2005; Grimaldi et al., 2016) were used:

• Accuracy: Proportion of correctly predicted pixels (both flooded and non-flooded) relative to the total number
of pixels:

ACC =
TP + TN

TP + TN + FP + FN
. (15)

• F1-score: The F1-score is defined as:

F1 =
2 · TP

2 · TP + FP + FN
. (16)

Both metrics range from 0 to 1, with higher values indicating better performance. The flooded area in the evaluation
zone is also computed to evaluate the variability of the flood map outputs.

4.3.1 Flood mapping methods evaluation

First, the images generated without applying morphological post-processing operations are analyzed. Figure 9 shows
the variability of the Accuracy, F1-score and flooded area metrics across the four satellite acquisitions. Each box
plot represents the range of metric variations of a flood mapping method due to varying input preprocessing and
hyperparameter settings. For each method, box plots are displayed in different colors for the four satellite images.
These box plots should be compared with one another for the same acquisition date to assess method performance
variability under consistent conditions.

CNN and Random Forest methods (supervised classification) outperformed unsupervised methods on median F1-score
and Accuracy. The CNN approach presented the highest median performance (between 0.80 and 0.94 for F1-score)
with a narrow inter-quartile range (<0.005) in three out of the four acquisition dates (except for 17 December 2019
acquisition). The Random Forest also performed well (F1-score median between 0.76 and 0.93), but with slightly
lower scores and higher variability. Both supervised classification methods exhibit low variance because of the
absence of hyperparameter tuning, leaving speckle filtering as the main source of variation. In contrast, active contour
models exhibited larger variability in Accuracy and F1-score across all dates. It underlined the sensitivity to either the
smoothing parameter (α) or image preprocessing. While they occasionally achieved reasonable performance for specific
configurations, their inconsistency (e.g., F1-score inter quartile range between 0.27 and 0.38 on the 16 December 2019)
makes them less reliable in operational settings. This method can work only after careful manual tuning, limiting its
operational appeal. Active contour models are usually better for local scales and simple flood patterns around the
initial contour. Thresholding methods (global and local) showed moderate performance and low variability. Additional
configurations with a larger hyperparameter space showed that the thresholding methods were not very sensitive to
their hyperparameters. For some configurations, local thresholding resulted in comparable metric values to supervised
classification while being easy to use. Finally, change detection methods provided similar moderate results regarding
F1-scores and Accuracy. Their variance was relatively low but was higher for some acquisition dates (17 December
2019 and slightly 3 February 2021), likely due to differences in magnitude change between the pre- and during-flood
images, with smaller flood extent on 17 December 2019. The supervised classification method provided the best
trade-off between accuracy and robustness. When training data or model weights are unavailable, local thresholding or
change detection methods remain attractive because they require almost no user input and result in similar scores with
appropriate tuning.

Figure 9 also displays the flooded area for all flood mapping methods and satellite acquisitions. In the evaluation
zone, containing the simulating domain without the exclusion zones and the minor bed representing a total of 100,2
km², the simulated flooded areas were 78.78 km² (16 December 2019), 52.32 km² (17 December 2019), 57.70 km² (2
February 2021) and 86.41 km² (3 February 2021). CNN produced the largest flooded area estimates, with the smaller
discrepancy to the simulated flooded area. In contrast, the other methods highly underestimated the flooded areas
systematically relative to the simulations. In general, outputs from hydrodynamic models provide smooth flooded
surface with hydraulic connectivity. On the contrary, for the generated flood maps from SAR imagery, floods in
vegetated or urban areas or between the dikes are often not well detected which can cause an underestimation of the
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Figure 9: Accuracy, F1-score and flooded area for the generated flood maps for four satellite images and six flood
mapping methods compared against their respective simulated flood maps.

flooded area, and the flood extent is more segmented and less smooth. On the one hand the simulations are conservative
and overestimate the flooded area while the extracted flood maps underestimate the flooded areas. However, the main
goal should be to match the geometric pattern and have a similar flood map geometry between the simulations and the
observations even if there are small holes in the observed flooded area. The estimated flooded area can differ by 20 to
30 km² between methods, highlighting significant differences in flood map extraction approaches. Additionally, for
a given method, the impact of hyperparameters or input images can be significant, with variations of 5 to 10 km² for
active contour or change detection and CNN for 17 December 2019.

4.3.2 Impact of preprocessing

In most flood studies, the preprocessing of speckle noise is often assumed to be deterministic, with only one method
(usually the Lee or Lee Sigma filter) (Di Baldassarre et al., 2009; Landuyt et al., 2018); however, the influence of
speckle filtering choice on flood mapping can be significant. The preprocessing strategies should be evaluated for
fixed configurations (flood mapping method and hyperparameter) to study the impact of preprocessing alone. For
instance, the effect of preprocessing for CNN-generated flood maps is reported in Fig. 10. It highlighted the impact of
preprocessing with a highly variable flooded area for Median filtering, depending on the window size of the filter (the
only parameter for the Median filter). With filtering, the flooded area is larger than that of images without preprocessing.
Between the different preprocessing methods, the flooded area has important variations showing the impact of the
preprocessing method on the generated flood maps.
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Figure 10: Impact of different filtering methods on the flooded area for flood maps generated using Convolutional
Neural Networks.

Figure 10 illustrates the impact on the flooded area of the different filtering methods with a single flood mapping
configuration. In total, Table 1 lists 48 configurations (2 for global thresholding and change detection, 36 for local
thresholding, 6 for active contour, and one for each supervised classification method). For the Median, Lee, Lee Sigma,
and Frost filters, we analyzed the impacts of their hyperparameters on these 48 configurations. The difference between
the minimum and maximum value for each metric was calculated for every filter configuration (e.g., for the CNN
configuration on 2 February 2021, the range of variation between the min and max values for the Median filter was 23
km²). Figure 11 presents the min-max variation in F1-score and flooded area due to speckle filtering hyperparameters
for 2 February 2021. Each flood mapping configuration is visualized with a point with distinct markers for the different
methods. The results indicate that the sensitivity to speckle filter hyperparameters varies by flood mapping method. For
instance, the active contour method exhibits high sensitivity to the Median filter’s window size, with variations ranging
from 4 to 16 km². In contrast, global and local thresholding methods exhibit minimal sensitivity, with variations of less
than 1 km². Overall, the Lee Sigma filter exhibited the lowest variability across all configurations. Local thresholding,
change detection, and Random Forest configurations are more sensitive to Lee filter or Frost filter hyperparameters than
Lee Sigma or Median filters.

Figure 11: Range of variation (between the minimum and maximum values) of F1-score and flooded area due to
filtering methods hyperparameters for the 48 flood mapping configurations for 2 February 2021 acquisition. The points
are jittered horizontally for visualization purposes.

4.3.3 Impact of hyperparameters

The role of hyperparameters used in flood mapping methods was evaluated, excluding the supervised classification
methods (CNN and Random Forest), for which no hyperparameters were defined in this study. Similarly to the
preprocessing analysis, we fixed the preprocessing configuration to isolate and evaluate the impact of flood mapping
hyperparameters.
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The range of variability due to the hyperparameters of flood mapping methods for all 26 speckle filtering configurations
(3 configurations for Median and Lee filters, nine configurations for Lee Sigma and Frost Filters, one configuration
for SAR2SAR and no preprocessing) is evaluated. The results for the acquisition on 2 February 2021 are presented
in Fig. 12. In this study, the active contour method showed the highest sensitivity to flood mapping hyperparameter

Figure 12: Range of variation (between the minimum and maximum values) of F1-score and flooded area due to flood
mapping methods hyperparameters for the 26 speckle filtering configurations for 2 February 2021 acquisition. The
points are jittered horizontally for visualization purposes.

variations, with F1-score differences reaching up to 0.4 and differences in flooded areas ranging between 15 and 25 km²
for all speckle filtering configurations. In contrast, change detection and local thresholding methods demonstrated low
sensitivity, with F1-score differences of less than 0.03 and flooded area variations limited to a few square kilometers.
For active contour models, most of the variability can be attributed to the flood mapping hyperparameters. While
thresholding methods showed limited variability, both active contour and change detection methods displayed greater
sensitivity depending on the fixed speckle filtering configuration. For instance, variations in F1-score or flooded area
due to hyperparameters for change detection were smaller for Lee Sigma configurations compared to Median filtering
configurations.

4.3.4 Impact of morphological operations

Figure 13 shows the improvement or degradation in the F1-score for global thresholding, local thresholding, and change
detection methods for one of the acquisitions (2 February 2021) when using morphological operations. The color
intensity represents the average gain (or loss) relative to the configurations without morphological post-processing.
The active contour and supervised classification approaches are not reported here, as morphological operations had
negligible or no effect on the generated flood maps due to the minimal presence of holes or small unconnected flood
elements in these flood maps.

We observed that the F1-score increased for the three methods, especially for large hole filling (50 to 100 pixels) and
small patch removal (10 to 50 pixels). This is mainly due to eliminating isolated false positives and filling small gaps,
improving the spatial coherence of flood maps. However, with the increasing size of patch removal, the performance
decreases, suggesting that the small-scale features are well-captured and should not be removed. While the role of
morphological operations was evaluated, the relative improvements in the F1-score metric are relatively low. While
the morphological operations improved the statistics for the F1-score, the physical representation of the flood may not
be improved. Indeed, they can remove small-scale features or introduce incorrect flood pixels in non-flooded regions.
Therefore, careful tuning and verification of experts for morphological operations is necessary to avoid non physical
observations.

Finally, Fig. 14 compares the flood maps with the highest F1-scores obtained for each method, including those enhanced
with morphological operations for 2 February 2021. The CNN-based approach achieved the best overall performance,
with an F1-score of 0.769, followed by the Change Detection and Random Forest methods. The flood map produced by
the CNN is the most continuous but tends to overestimate the flooded area. The active contour model also exhibits a
continuous flood extent, but it significantly underestimates inundation in both the upstream and downstream regions.
The other methods result in less smoothed flood extent, capturing more localized details and irregularities. While some
of these details may correspond to actual observations, their fragmented nature results in poorer alignment with the
continuous structure of the simulated flood map, while having pattern that match the simulated flood map closer than
for CNN.
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Figure 13: Heatmaps representing the average gain (or loss) in F1-score due to morphological operations relative to
configurations without morphological post-processing.

Figure 14: Comparison of the simulated flood maps (orange) with the generated flood maps (blue) for 2 February 2021.

5 Water depth estimation

The flood maps extracted from the preprocessed SAR images can be used with Digital Elevation Models (DEM)
including the bathymetry of the river channel, to construct water depth fields. In the literature, the approach of Hostache
et al. (2009) for water depth estimation has proved effective but requires prior expertise in the flow motions and
extensive fieldwork to constrain the method. In this study, we preferred to compare automatic water depth estimation
methods on the whole flood map or specific cross sections. Methods such as the Flood Water Depth Estimation Tool
(Fw-DET) (Cohen et al., 2018) or the FLEXTH methodology (Betterle and Salamon, 2024) are available to derive water
depth fields across the entire domain based on a flood map and DEM. Other methods rely on cross-section analysis by
considering that the free surface is flat on a cross-section, thus retrieving the water depth field by knowing the locations
of the edges of the flood and topography. We generated water depth fields by applying these methods across a range
of hyperparameters, as summarized in Table 1. The water depth estimation workflow follows a structured sequence
illustrated in Fig. 15:

18



CHAPTER 4. FLOOD EXTENT AND WATER DEPTH FROM SAR
OBSERVATIONS 113

1. Input: Flood maps derived from SAR imagery and a Digital Elevation Model (DEM), all projected on the same
spatial grid. The DEM is a combination of topographic data at 1 m spatial resolution with vertical accuracy
between 0.2 and 0.5 m, and the bathymetry of the channel (based on 70 cross-sections measurements).

2. Methods: Fw-DET, FLEXTH, or cross-section analysis. Each method is evaluated for different hyperparame-
ters.

3. Water depth estimation: Each method determines the water surface elevation and subtracts the underlying
terrain elevation from the DEM to generate a water depth field.

Digital Elevation Model (DEM)

1) Flood Water Depth Estimation Tool (Fw-DET)

2) FLEXTH 

3) Cross-section analysis

Flood map
Mandatory inputs Optional inputs

Permanent water Exclusion layer

(a)

I) Inputs 

II) Water depth methods

a) Identify border pixels and remove

cells above a slope threshold (black)

b) Retrieve border elevation

c) Propagate elevation to inner cells

d) Smoothing the values

e) Subtract elevation to DEM

 

III) Water depth estimation

(a) +(b) (c) Iteration 1 (c) Final iteration (d) Smoothing

a) Identify valid boundaries excluding: 

slope threshold (black), permanent water 

(blue) or within exclusion layer (red)

b) Retrieve border elevation and propagate

in flooded areas (except exclusion layer)

c) Flood expansion in the exclusion layer

 

2D water depth field

(b) (c)

a) Identify wet/dry interface (black) on 

river cross-section (red)

b) Compute the mean of the border 

elevations and consider flat surface

(a) (b)

Cross-section water depth

Figure 15: Schematic overview of the water depth estimation methodology.

5.1 Methods

5.1.1 Fw-DET method

The Flood Water Depth Estimation Tool (Fw-DET) (Cohen et al., 2018, 2019) quantifies water depth continuously in the
domain using a flood extent polygon and a Digital Elevation Model. A schematic representation of Fw-DET principle is
presented in panel II)1) of Fig. 15. Flood boundaries are derived from the flood map and converted into a line layer,
while steep slope cells are filtered out using a slope threshold. This line layer is rasterized to align with the DEM
grid. Elevation values are extracted for these boundary cells, and each cell within the flood extent polygon is assigned
the elevation of the nearest boundary cell under the assumption of a flat water surface. Water depth is computed by

19



114
CHAPTER 4. FLOOD EXTENT AND WATER DEPTH FROM SAR

OBSERVATIONS

subtracting the DEM elevation from the water surface elevation. To mitigate artifacts caused by mismatches between
the DEM and the flood extent, a smoothing procedure is applied multiple times using a 3× 3 window.

This study considered the number of smoothing iterations and the slope threshold as hyperparameters. The latest version
of the code developed by Cohen et al. (2019) is available at https://github.com/csdms-contrib/fwdet. For the
present study, the code was adapted to operate without the QGIS interface, using standalone Python scripts to enable
batch processing.

5.1.2 FLEXTH method

The FLEXTH method (Betterle and Salamon, 2024) presents an approach similar to the Fw-DET methodology but
introduces improvements to mitigate unrealistic water depth estimates (Cohen et al., 2019). Figure 15, panel II)2),
depicts the FLEXTH methodology schematically. The methodology was extended to account for additional inputs, such
as exclusion or permanent / seasonal water body masks. The method expands the flooded area into adjacent no-data
regions and estimates the water depths based on the DEM (Betterle and Salamon, 2024). As in Fw-DET, pixels along
the flood boundaries with a slope exceeding a user-defined threshold are excluded from the boundary. Water depths
within the flooded area are then estimated using a weighted average of the boundary cell elevations based on the closest
cells up to a specified maximum number of neighbors.

The slope threshold and the maximum number of neighbors used in the computation were considered hyperparameters.
In Betterle and Salamon (2024), they highlighted that these two parameters are the most influential in the FLEXTH
method. The FLEXTH method, initially developed by Betterle and Salamon (2024), is available as a Python code at
https://code.europa.eu/floods/floods-river/flexth and was adapted for the needs of our study.

5.2 Cross-section approach

The two previous methods estimated the water depths continuously across the domain. An alternative approach is to
perform cross-section analysis along the river channel by extracting the surface elevation at the dry/flood interface
along predefined cross-sections. The water surface is assumed to be flat for each cross-section, and its elevation is
computed as the mean elevation of the identified boundary cells. However, this method is sensitive to errors caused by
over-detection of the wet/dry interface along the cross-sections. To address this issue, an alternative strategy involves
considering only the left and right banks of the flood extent (Schumann et al., 2007), excluding other points within the
flooded area. This strategy is displayed schematically in Section II)3) of Fig. 15. In this study, we tested this second
approach. The cross-section approach did not use any hyperparameters in this study.

5.3 Results

The methods for estimating water depth fields were applied to the flood maps generated in Section 4. For each satellite
acquisition, more than 10,000 flood maps were generated. In our implementation, the processing time to generate the
water depth field for each flood map was approximately 15 seconds for Fw-DET, 30 seconds to 1 minute for FLEXTH,
and a few seconds for the cross-section approach. All computations were conducted on an Intel® Core™ i7-11850H
CPU @ 2.50GHz. Thus, generating water depth fields for all hyperparameter combinations (nine configurations of
the Fw-DET method, nine configurations of the FLEXTH method, and one for the cross-section approach) would
result in an impractically large number of outputs and computation time. Since the generation of water depth fields
depends on the input flood contour, our focus is on analyzing the variations of the water depth fields due to variations
in the flood contour (due to speckle filtering, flood mapping methods, and hyperparameters used previously). We
selected 10 flood maps per flood mapping method to capture a representative range of potential flood map inputs.
These were sampled uniformly across the full span of their F1-scores, from the lowest to the highest score, to ensure
coverage of both high- and low-quality segmentation results. The Fw-DET, FLEXTH, and cross-section methods
were applied for these flood maps. For the cross-section approach, the results were analyzed for two user-defined
cross-sections shown in Fig. 16. The estimated water depths were compared with the hydrodynamic simulations and
watermarks presented in Section 2.1.2. The watermarks were used only for the 16 December 2019 and 3 February 2021
acquisitions (near the flood’s peak). For the comparison against simulations, the Root Mean Square Error (RMSE) was
computed, comparing pixel-to-pixel values. The rasterized results were projected at the measurements’ locations for the
watermarks. Here, contrary to the flood mapping evaluation, all the domain is taken into account including the minor
bed and the exclusions zones since the three water depth estimation methods aim to estimate the water depth even in
exclusion zones with specific behaviors (e.g., propagation of the water in the exclusion zone with the FLEXTH method,
or with the cross-section method which considers a flat water surface between the two edges).
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5.3.1 Water depth estimation methods evaluation

Figure 17 shows the RMSE of the estimated water depths compared to hydrodynamic simulations (see Fig. 17a) and
watermarks (see Fig. 17) for the FwDET and FLEXTH methods. Each box plot indicates the variability explained by
the input flood map or water depth estimation hyperparameters.

FLEXTH and Fw-DET demonstrate comparable performance in terms of median RMSE. Both methods exhibit a
median RMSE ranging from 0.8 to 1.9 m, depending on the satellite image acquisition. The variability of the RMSE is
also comparable for both algorithms, with slightly more outliers for the FLEXTH method, which may be caused by the
used hyperparameter values. These conclusions are similar either with the simulated water depth fields or watermarks as
validation dataset. For the watermarks, the variability is more important. The observed variability and elevated RMSE
values can be attributed to the flood map selection from previous processing steps, including high and low F1-score
maps relative to the reference. This variability and the influence of water depth estimation method hyperparameters are
further analyzed in Section 5.3.2 for the Fw-DET and FLEXTH methods.

1

2

Figure 16: Visualization of the two cross-sections (cross-section 1 in orange and cross-section 2 in green) used in the
study.

(a) (b)

Figure 17: Root Mean Square Error (RMSE) between the estimated water depths and simulated (a) or watermarks (b)
for Fw-DET and FLEXTH methods for four satellite images.

Next, Fig. 18 presents the RMSE of water depth estimates on the two selected cross-sections (see Fig. 16) for the
cross-section approach, along with Fw-DET and FLEXTH methods projected onto these cross-sections. The Fw-DET
and FLEXTH methods exhibited similar RMSE performance for both cross-sections, though FLEXTH showed higher
variability. The cross-section approach, while showing similar or slightly higher median RMSE values compared to
FLEXTH and Fw-DET on the two cross-sections, exhibited more variability, particularly for the 2 February 2021 image,
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(a) (b)

Figure 18: Comparison of Fw-DET, FLEXTH, and cross-section approaches on cross-section 1 (a) and cross-section 2
(b) for four satellite acquisitions against hydrodynamic simulations.

which was likely related to challenging flood contour detection conditions for that image. The Fw-DET and FLEXTH
algorithms propagate the surface elevation from the edges of the flood to the inner flood. The cross-section approach, on
the other hand, relies only on the identification of the right and left edges of the flood. Then, the cross-section approach
is highly sensitive to identifying the border of the flood on the cross-section, while it is less the case for Fw-DET and
FLEXTH, which rely on the whole flood extent borders. The variability of the RMSE for the cross-section approach
was entirely due to the variability of the input flood maps, since the cross-section approach was considered without
hyperparameters.

5.3.2 Impact of hyperparameters and flood map inputs

The influence of flood map inputs and method hyperparameters on water depth estimation performance was evaluated
for the Fw-DET and FLEXTH methods. Figure 19 presents the distribution of RMSE values, computed against
hydrodynamic simulations across four satellite acquisitions, grouped by flood mapping method used as input to the
water depth estimation methodology.

The results indicated that the flood map used as input for the water depth estimation process significantly influenced
the estimation accuracy. Flood maps derived from global and local thresholding yielded lower RMSE and variability.
In contrast, flood maps produced with CNN and Active contour models lead to greater variability and higher RMSE
in water depth estimates. However, the median RMSE values for CNN and active contour flood mapping methods
are close to the other algorithms, suggesting that they can achieve comparable or better results with water depth
estimation method parameter tuning. The outputs from CNN and active contour models are smoother, but their ability
to precisely delineate flood boundaries is reduced due to the smoothness. This can result in significant errors in water
depth estimates, particularly in areas with steep terrain. Furthermore, the large RMSE for the CNN method suggest that
the extracted flooded surface is physically wrong on these cross-sections. The tendency of the CNN to overestimate
the flood extent size leads to water edges in high topography gradient leading to important errors in the water depth
estimation.

To study the influence of hyperparameters in the FLEXTH and Fw-DET methodologies, we proceeded similarly as in
Section 4.3.3 for flood mapping methods. For each hyperparameter configuration (9 each for FLEXTH and Fw-DET) of
water depth estimation methods, we computed the range between the lowest and maximum RMSE for every flood map
input. Figure 20 presents a statistical analysis of the variability of this range for all the flood map input configurations
for the 2 February 2021 acquisition.

While Fw-DET showed minimal variability in RMSE due to its hyperparameters alone (except for some outliers beyond
the interquartile range), the FLEXTH method displays a much larger interquartile range of RMSE values. In this
study, the Fw-DET method demonstrates more consistent performance. In contrast, FLEXTH, while potentially more
accurate in ideal cases, was more sensitive to hyperparameter choices and could produce larger errors depending on the
configuration used in each test case.
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(a)

(b)

Figure 19: Impact of the flood mapping method used for water depth estimation for the Fw-DET method (a) and
FLEXTH method (b) across four satellite acquisitions.

Figure 20: Box plot analysis of the variability induced only by water depth estimation hyperparameters for the 2
February 2021 acquisition.

6 Discussions

This study evaluated the influence of preprocessing, flood mapping, and water depth estimation methods using SAR
imagery for hydraulic applications. Our results highlighted that each stage, from speckle filtering to method choices
and hyperparameter tuning, introduced variability that can propagate through to the final outputs.
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6.1 Limitations of the evaluation process

The first limitation of the study was the unavailability of ground truth data for flood maps and water depth fields in
the study area. As an alternative, hydrodynamic simulations were used as a reference for evaluating performance.
These simulations introduce their uncertainties due to discretization, modeled physical processes, or roughness
parameterization. Then, some of the observed discrepancies between estimated and reference values may stem from
errors in the hydrodynamic model rather than from the methods used to extract the information in this study. Although
the availability of a reliable reference would enhance validation, the primary goal of this study was to quantify the
variability introduced by preprocessing, method choices, and hyperparameter settings. However, to select the most
accurate method, it is essential to use test cases where independent ground truth is available. For instance, Landuyt et al.
(2018) used Copernicus Emergency Management Service flood maps extracted from SAR or optical data, and Li et al.
(2018) used labeled optical images (in cloud-free conditions) to validate SAR-based flood maps. In future works, we
could also consider the uncertainty of the outputs of the physics-based model in the model evaluation process, based on
GLUE analysis as proposed in Huang and Merwade (2024).

In this study, hyperparameter tuning was not uniformly exhaustive across all methods. For instance, traditional
flood mapping methods were evaluated across a range of hyperparameter settings, while supervised classification
methods were applied using fixed configurations. This may limit their performance and underestimate their potential
under optimal settings or hide their variability due to hidden hyperparameters. Although we analyzed a range of key
hyperparameters, additional influential parameters may be embedded within the methods themselves. Nevertheless,
we believe that the primary sources of uncertainty were adequately captured by the parameters examined in this study.
Future work could expand the range of hyperparameters considered and apply uncertainty quantification techniques,
such as sensitivity analysis, to quantify the influence of each parameter on the outcomes by using more exhaustive
Design of Experiments. For instance, Ghosh et al. (2024) showed the impact of the choice of model architecture
when using deep learning methods for flood mapping and that the importance of polarization band combinations in
the performance of supervised classification. For the change detection algorithms, the only hyperparameter was the
choice of thresholding method (KI or Otsu) while Tupas et al. (2023) showed that Bayes change detection could be
more robust to hyperparameter changes.

The flood mapping methods applied in this methodology rely on a single polarization, although most SAR satellites,
such as Sentinel-1, provide multiple polarization channels. In this study, the V V polarization was not exploited, and the
flood mapping approaches could potentially benefit from the additional information it provides. However, the methods
must be adapted to take into account two polarizations. Random Forest and CNN models were therefore trained using
both polarizations, and the resulting models were applied to generate flood maps. Nevertheless, for the considered test
case, the inclusion of an additional polarization did not lead to significant improvements in the evaluation metrics.

The intercomparison of the methods and their hyperparameterization was tested exclusively on flooded scenes. In
practice, practitioners may also require methods that perform reliably under dry conditions. For the flood mapping step,
supervised classification and active contour methods can be applied in both flooded and dry scenarios. In contrast, the
remaining approaches rely on the automatic detection of thresholds from image histograms and fail to discriminate
between flooded and dry pixels when the histogram is not bimodal which is the case under dry conditions. Consequently,
supervised classification methods or alternative implementations of change detection approaches (Tupas et al., 2023)
may be preferred, as the change detection method used in this work depends on the automatic identification of a
threshold in bimodal histograms, a condition that is generally only met during flood events.

6.2 Hydraulic analysis and implications for flood monitoring

The results of this study highlight that the quality of flood maps and water depths estimates is highly sensitive to
preprocessing choices, method selection, and hyperparameter tuning. If the uncertainty in the generated output is high,
the derived products may propagate errors into the hydrodynamic models, leading to inaccurate parameter estimation.
For instance, Fig. 9 highlights that most configurations led to an underestimation of the flooded area compared to
simulations. In this work, a fixed parameterization was used, but in a calibration context, if the variability due to
flood map processing is more important than the changes in simulated flood maps due to the roughness parameter, the
calibration could be complicated. Ideally, the variability in the observations should be smaller than the variability in the
simulations.

To analyze the variability of the simulated flood maps due to the model parameterization, we evaluated the hydrodynamic
model for the 2021 flood event using 2,000 parameter samples under three different Strickler roughness configurations
described in Table 2.

Figure 21 compares the 95% variability range in simulated flooded area for each DoE with the flooded areas obtained
using various flood mapping configurations for the February 2, 2021, SAR acquisition. The variability in the simulated
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Table 2: Three tested Design of Experiments (DoE) for Strickler parameterization for numerical model evaluation.
DoE 1 is the baseline with fixed channel values and narrow ranges in floodplains, DoE 2 accounts for wider ranges in
floodplains, and DoE 3 also considers a varying Strickler across the three channel subdomains.

Land use Strickler (m1/3 · s−1): DoE 1 Strickler (m1/3 · s−1): DoE 2 Strickler (m1/3 · s−1): DoE 3

Main channel Fixed Fixed U(30, 50)
Waterbodies U(32.5, 37.5) U(5, 50) U(5, 50)
Fields and meadows without crops U(17.5, 22.5) U(5, 50) U(5, 50)
Cultivated fields with low vegetation U(15, 20) U(5, 50) U(5, 50)
Cultivated fields with high vegetation U(10, 15) U(5, 50) U(5, 50)
Shrublands and undergrowth areas U(8, 12) U(5, 50) U(5, 50)
Areas of low urbanization U(8, 10) U(5, 50) U(5, 50)
Highly urbanized areas U(5, 8) U(5, 50) U(5, 50)

flooded area is limited for DoE 1 and was lower than the variability across SAR-derived flood mapping methods. This
complicates calibration because uncertainty from SAR processing dominates over that from model parameters. For
the second DoE, the larger variation in floodplain roughness resulted in a wider range of flooded areas (approximately
5 km²), which is comparable to the variability observed for each SAR method, except for the active contour method.
For DoE 3, there is a large spread in simulated flood extents, which is similar to the spread between methods (for
instance, between the change detection median and the CNN median). For this study, only the CNN flood mapping
method intersected with the simulation for DoE 1 and the median for the thresholding, change detection and Random
Forest methods are close to the lower range of DoE 3. While this comparison on the flooded area can help to calibrate
the model and identify subdomains where the Strickler should be adjusted, the uncertainty of the extracted flood
maps should be taken into account during a calibration process. For instance, we mentioned that the CNN tend to
overestimate the flooded surface even if it seems closer to the simulations. Thus it is necessary to have a relevant
evaluation methodology to compare the simulations and observations given their uncertainties as discussed in Travert
et al. (2025) and Landwehr et al. (2024). Using data assimilation, both of the uncertainty of the generated flood maps
and the uncertain numerical model (due to the uncertain Strickler parameters) can be taken into account to optimize
the parameter values. Furthermore, when calibrating flood numerical models, given the uncertainty of generated flood
maps, the modeler should be cautious and consider an ensemble of flood maps or use the most unfavorable test case to
estimate conservative Strickler values and avoid non-conservative simulations.

Water depth estimation methods produced water depth fields with RMSE errors of around 2 m (for the median). These
errors are too significant to be ignored in the calibration of this study area. Then, the calibration should be spatially
constrained to areas where water depth estimates are more reliable, such as zones with low topographic gradient.
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Figure 21: Comparison of flooded area variability from hydraulic simulations using three Design of Experiment (DoE
1±3) against SAR-based flood maps. The colored surface for the three DoE indicates the 95% confidence interval of
simulated flooded areas.
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7 Conclusions

By systematically evaluating the impact of preprocessing, flood mapping, and water depth estimation methods and
their hyperparameters, this study aimed to inform best practices for generating flood maps and water depth fields from
SAR imagery. It contributes to improving the reliability of SAR-based hydraulic applications by underscoring the
importance of assessing the influence of speckle filtering and hyperparameter choices. Rather than relying on a single
fixed configuration, the findings highlight the need for a comprehensive evaluation of processing options. These options
can significantly impact the extracted flooded areas or water depths, ultimately influencing the calibration and validation
of hydraulic models. The choice of speckle filtering method was shown to significantly influence the statistics of SAR
images, with deep learning methods such as the SAR2SAR approach outperforming the traditional approaches. For
flood mapping, supervised classification methods demonstrated the highest median accuracy, F1-score and closest
flooded area, but overestimating the flood extent size and leading to important errors in the water depth estimation step.
Unsupervised methods such as thresholding and change detection offered reliable results with minimal tuning, making
them suitable for rapid deployment. We highlighted the role of the speckle filter method choice and its hyperparameter
on the flooded area estimates, with variations in flooded area estimates. The hyperparameters of the flood mapping
methods were also influential on the generated flood maps, especially for active contour models. Three methods for
estimating water depth fields were compared, showing that the accuracy of water depth estimation is strongly influenced
by both the quality of the input flood maps and the parameterization of the methods. In this study, and for the tested
hyperparameters, FLEXTH and Fw-DET exhibited similar performance. For studying the water depth on cross-sections,
the cross-section analysis results in similar estimates but with a high variability depending on the cross-sections or input
flood maps.

In future flood studies using SAR imagery for hydraulic applications, the role of preprocessing, method choices, and
hyperparameter tuning should be evaluated to account for the errors due to the processing pipeline. We studied only
SAR images, but similar methodologies to evaluate the impact of method choices and hyperparameters could be applied
to optical satellite images.

Code and data availibility

The openTELEMAC software is freely available on a Gitlab server with a track of all the developments and a fixed
branch for the v8p5 version used in the present study (https://gitlab.pam-retd.fr/otm/telemac-mascaret/
-/tree/v8p5r0?ref_type=tags). The result files of the simulations and their projections on raster grids are provided
for easier reproducibility. The code and all the data used in this study are available online at https://github.com/
jtravert/sar-flood-evaluation-framework with some instructions and Jupyter notebooks to reproduce the
methodology on the test case or other study areas and flood events.

Acknowledgments

This work was carried out as part of EDF R&D’s MOISE-2 research project on river and coastal flood hazard
assessment, whose support the authors gratefully acknowledge. This work was supported and funded by the French
National Association of Research and Technology (ANRT) and EDF R&D with the Industrial Conventions for Training
through REsearch (CIFRE grant agreement 2022/0972). The authors would like to gratefully acknowledge the open-
source community, especially that of the openTELEMAC and of the used Python libraries (scikit-learn, SciPy, rasterio,
numpy, matplotlib).

A Complements on flood mapping methods

A.1 Global thresholding

For computing the threshold distinguishing flooded from dry pixels, two methods are used:

• Otsu’s method selects the threshold that maximizes the between-class variance, which separates the histogram
of pixel intensities into two distinct classes. The between-class variance is defined as:

σ2
B = ωfωb(µf − µb)

2, (17)

where µf and µb are the mean intensities of the background and foreground classes, respectively. ωf and ωb

are the foreground and background class fractions, respectively.

• The Kittler and Illingworth (KI) method also considers a mixture of two Gaussian distributions. The optimal
threshold separates both classes by minimizing a cost function that quantifies the overlap between the
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distributions and is calculated as follows:

J = 1 + 2 (ωf log(σf ) + ωb log(σb))− 2 (ωf log(ωf ) + ωb log(ωb)) , (18)

where σf and σb are the standard deviations of the foreground and background classes, respectively.

A.2 Local thresholding

The three conditions to keep a tile in the local thresholding approach are evaluated with three quantitative coefficients:

• Ashman’s D coefficient (Ashman et al., 1994), which quantifies the separation between two Gaussian distribu-
tions, and is defined as:

AD =
|µf − µb|

√

0.5(σ2
f + σ2

b )
. (19)

• Bhattacharyya Coefficient (Bhattacharyya, 1943), which quantifies the amount of overlap between two
distributions, and is computed as:

BC =
∑

k

√

hist(yk)
√

histf (yk), (20)

where y is the pixel values in the tiles, hist is the histogram of the distribution, and histf is the fitted histogram
with two Gaussian curves, and k is the bins of the two discrete histograms.

• The surface ratio is defined as the ratio of the area (measured in number of pixels) covered by the smaller
population (e.g., dry or flooded pixels) to that of the larger population.
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4.3 Additional Case Study

The methodology presented in Section 4.2 was initially applied to a study area along
the Garonne River in France. To further assess the evaluation of the processing strat-
egy on satellite imagery, we applied the same methodology to a second study area where
satellite observations and validation data are available and have already been used in pre-
vious studies [Landuyt et al., 2018]. It allows for evaluating the impact of preprocessing,
method choices, and hyperparameter tuning independently of a validation dataset based
on hydrodynamic simulations.

4.3.1 Methodology

The workŕow for this additional case follows the same structure as described in Section 4.2
and is illustrated in Figure 4.1. The water depth estimation methods were not evaluated
in this case study, as no in-situ water depth measurements were available during the ŕood
events.

Raw Sentinel-1
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Figure 4.1: Workŕow for processing Sentinel-1 (SAR) images to derive ŕood maps. Raw
images are preprocessed using 26 hyperparameter conőgurations (Table 2 in Section
4.2), then each image is turned into 48 ŕood maps (or 432 if using morphological
operations) (Table 3 in Section 4.2).

4.3.1.1 Study area

Between late 2015 and early 2016, Great Britain and Ireland experienced a series of heavy
rainfall events, resulting in widespread ŕooding. The Shannon Basin in eastern Ireland,
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located between Lough Ree and Lough Derg, was severely impacted by these ŕoods. This
study area mainly comprises peat bogs, surrounded by pastures [Landuyt et al., 2018],
and is visualized in Figure 4.2.

4.3.1.2 Satellite observations

During the ŕood event, a Sentinel-1 image of the study area was captured on January 9,
2016, at 18:22 UTC. For the change detection method, a reference image under non-ŕood
conditions is required. This reference was obtained from a Sentinel-1 acquisition on the
same orbit on October 29, 2015, at 18:22 UTC.

4.3.1.3 Validation data

The generated ŕood maps were validated using reference ŕood maps produced by the
EMS of the Copernicus programme. The EMS provides rapid mapping and monitoring
services in response to natural disasters, such as ŕoods, based on satellite and ancillary
data. The ŕood maps were based on a COSMO-SkyMed satellite (SAR sensor) image
captured in the study area on January 9, 2016, at 18:39 UTC [Copernicus Emergency
Management Service, 2015]. The EMS ŕood map was produced using a semi-automatic
approach and is shown in Figure 4.2.

Figure 4.2: Study area and ŕood map produced by the Copernicus Emergency Mapping
Service on the study area using a COSMO-SkyMed image acquired on January 9, 2016,
at 18:39 UTC.

4.3.2 Results

Unlike the detailed analysis provided in Section 4.2, which includes a step-by-step descrip-
tion of the processing chain, this section focuses on summarizing the main őndings from
the comparison between the generated ŕood maps and the EMS reference map. Flood
maps were generated for the 26 speckle őltering conőgurations and 48 ŕood mapping
conőgurations, resulting in a total of 1,222 generated ŕood maps.

4.3.2.1 Flood mapping methods evaluation

Figure 4.3 shows the distribution of the Accuracy and F1-score values calculated between
the generated ŕood maps and the reference satellite image described in Section 4.3.1.3.
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The variability of the ŕooded surface for the different methods and conőgurations is also
shown, with a dashed line representing the ŕooded area on the EMS ŕood map.

Figure 4.3: Accuracy and F1-score computed between the generated ŕood maps and the
Emergency Mapping Service reference map grouped by ŕood mapping method, along
with the ŕooded surface area for the generated ŕood maps.

For the Shannon test case, global thresholding shows the best performance, with me-
dian Accuracy and F1-score close to 0.94 and 0.87. It also provided a ŕooded surface area
that aligns well with the reference. Local thresholding and change detection methods
also performed well, with median Accuracy values of 0.88 and F1-scores of 0.79, but they
showed higher variability, suggesting a stronger dependence on the conőguration settings.
Supervised classiőcation methods (CNN and Random Forest) achieve lower median Accu-
racy and F1-scores compared to thresholding-based methods or change detection. These
approaches overestimated the ŕooded area by nearly 20 km² for this test case, resulting in
reduced performance despite low variability. This low variability is only due to the speckle
őltering conőgurations, since no hyperparameters were tuned for supervised classiőcation
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methods. Active contour methods had the lowest scores among the methods, with a high
variability and a large number of outliers.

Finally, the high agreement of global and local thresholding methods with the EMS
reference map may be partially explained by the semi-automated nature of EMS mapping
workŕows, which often incorporate thresholding-like techniques. This may contribute
to the strong alignment observed in both accuracy and estimated ŕood extent for these
methods.

4.3.2.2 Impact of preprocessing

As described in Section 4.2 and illustrated in Figure 4.1, 48 ŕood mapping conőgura-
tions were tested. For each ŕood mapping conőguration, the different speckle őltering
conőgurations were tested. We computed the range between the minimum and maxi-
mum values of both F1-score and estimated ŕooded area across these hyperparameter
variations. For the 48 ŕood mapping conőgurations, Figure 4.4 shows the sensitivity of
each ŕood mapping approach to speckle őlter hyperparameters by plotting the range of
variation in F1-score (left) and ŕooded area (right) for each conőguration. Each point
corresponds to one ŕood mapping conőguration.

(a) (b)

Figure 4.4: Range of variation (between the minimum and maximum values) of F1-score
(a) and ŕooded area (b) due to őltering methods hyperparameters for the 48 ŕood
mapping conőgurations. The points are jittered horizontally for visualization purposes.

The results indicate that the sensitivity to speckle őlter hyperparameters varies de-
pending on the ŕood mapping method and conőguration. For all őltering methods, local
thresholding consistently shows high sensitivity to hyperparameter settings, both in terms
of F1-score and estimated ŕooded area. Active contour conőgurations are very sensitive
to the window size hyperparameter of the Median őlter. For the change detection con-
őgurations, one of the two conőgurations demonstrated a pronounced variation in perfor-
mance across all őlter settings, particularly with the Lee őlter. In contrast, supervised
classiőcation methods (CNN and Random Forest) show limited sensitivity to őltering
hyperparameters.

The Lee Sigma őlter shows less spread across hyperparameter values, with a maximum
variation of 4 km² for most conőgurations. However, variations are more important
(around 15 km² for the ŕooded area) for one of the change detection conőgurations and
approximately half of the local thresholding conőgurations.
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4.3.2.3 Impact of hyperparameters

A similar analysis as in Section 4.3.2.2 is conducted to evaluate the inŕuence of ŕood
mapping hyperparameters on the generated ŕood maps. For each ŕood mapping method
with hyperparameters (global and local thresholding, active contour, and change detec-
tion), multiple hyperparameter settings were tested as described in Section 4.2. For each
of the 26 speckle őltering conőgurations, we computed the range between the minimum
and maximum values of F1-score and ŕooded area resulting from the tested hyperparam-
eter combinations. Figure 4.5 shows the variation for each őltering conőguration, with
each point representing the variation of a given preprocessing conőguration to the ŕood
mapping hyperparameters.

(a) (b)

Figure 4.5: Range of variation (between the minimum and maximum values) of F1-score
(a) and ŕooded area (b) due to ŕood mapping methods hyperparameters for the 26
speckle őltering conőgurations. The points are jittered horizontally for visualization
purposes.

The results suggested that global thresholding is not very sensitive to hyperparameter
variations (i.e., the method used to determine the threshold) except when no speckle ől-
tering is applied. This suggests that global thresholding performs more consistently when
preceded by speckle őltering, which stabilizes pixel intensity distributions. In contrast,
the active contour method showed high sensitivity to its hyperparameters, with variations
in the ŕooded area of around 15 km² and an F1-score variation of around 0.06 across most
őxed speckle őltering conőgurations. Local thresholding and change detection methods
showed variable variations across preprocessing conőgurations. Some speckle őltering
methods result in relatively stable ŕood map outputs across the different hyperparameter
settings, while others lead to higher variations. These őndings underscore the signiő-
cant inŕuence of ŕood mapping hyperparameters on generated ŕood maps, except for the
global thresholding method. They also showed that the effect of hyperparameter tuning is
not uniform and depends strongly on the speckle őltering conőguration. This emphasizes
the need to consider both preprocessing and ŕood mapping method choices jointly when
designing ŕood mapping workŕows.

4.3.2.4 Comparison with the Garonne study area

The main conclusions of this additional test case are similar, indicating the high variability
in ŕood map generation due to the choice of preprocessing, ŕood mapping method, and
hyperparameters, with variations of 10 to 20 km² in the ŕooded area estimate depending
on the chosen ŕood method.
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However, between the two test cases, some peculiar differences and similarities are
observed. For instance, in the Garonne test case, supervised methods performed better,
while thresholding approaches performed better on the Shannon River. The lower per-
formance of the supervised methods on the Shannon test case may be explained by the
training data being more adapted to the ŕood event that occurred in the Garonne area.
Furthermore, the supervised methods result in very smooth results for ŕood maps, while
the validation ŕood map on the Shannon River contains holes and is fragmented (see Fig-
ure 4.2) compared to the validation ŕood map of the Garonne test case. Similarly to the
Garonne test case, the active contour model resulted in the lowest performance and with
high variability due to its hyperparameters. As for the thresholding and change detection
approaches, they were robust in both test cases, and especially for the Shannon test case.
This may be explained by a bias in the validation ŕood map, segmented using automatic
approaches by the Copernicus Emergency Mapping Service.

For the effects of preprocessing, the results are consistent between the two test cases,
with an important spread due to the choice of hyperparameters for the Median őlter and
a lower spread with variations in the hyperparameters of the Lee Sigma őlter. For the
Lee and Frost őlters, in both studies, we highlighted the role of the hyperparameters
of the őlters, especially for the ŕood map resulting from active contour segmentation.
However, on the Shannon test case, a peculiar behavior is observed for variations in
speckle őlter hyperparameters, with two steps and a high inŕuence of the hyperparameter
choice, whereas this was not the case in the Garonne test case. The main explanation is
that to generate the ŕood maps in the Shannon test case, the local thresholding approach
needs to consider more sub-tiles because the study area is mainly dry, with many sub-tiles
not meeting the criteria deőned in the method (bimodality, surface ratio).

In the Shannon test case, local thresholding and change detection methods were sensi-
tive to variations in the hyperparameters of ŕood mapping methods. In the Garonne test
case, the sensitivity to this hyperparameter was mainly observed for the active contour
model and slightly for change detection. It shows that for each ŕood mapping method,
the variability due to hyperparameters can vary depending on the test case.

4.4 Graphical User Interface

Hydraulic modeling requires several steps, including spatial data preparation, model con-
struction, parameter tuning, and results visualization. For operational studies, these tasks
are time-consuming and sometimes not user-friendly, particularly when using command-
line scripts or a sequence of independent tools. To address this issue, many hydraulic mod-
eling environments adopt Graphical User Interfaces to include all processing steps into a
single user-friendly platform. For instance, plugins like Q4TS were designed within QGIS
to embed the geospatial data preparation, pre-processing of open-TELEMAC meshes,
computation launch, and visualization of results in a single environment.

In the same spirit, we developed a GUI for reproducing the workŕow described in this
chapter and enabling the user to have a single application, from downloading satellite
data to generating őnal hydraulic outputs, such as ŕood maps or water depth őelds.

The őrst panel of the GUI provides an interface for downloading Sentinel-1 satellite
data from the Alaska Satellite Facility (ASF) APIs, and visualizing data. The user can
draw a polygon or load a shapeőle layer to download all available Sentinel-1 images
between two dates (see Figure 4.6a). This step is not mandatory if the user has already
downloaded the data. On this őrst panel, the user can also load any raster őles and
visualize them (see Figure 4.6b).

Then, three panels are available for preprocessing, ŕood mapping, and water depth
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(a) (b)

Figure 4.6: Visualization of the Graphical User Interface for Sentinel-1 data
downloading (a) and satellite image visualization (b).

estimation. Figure 4.7 illustrates the GUI for preprocessing, with the conőguration se-
lected by the user on the left and a visualization of the generated products on the right.
In place of the GUI, Jupyter notebooks are also available to apply the entire evaluation
process.

Figure 4.7: Visualization of the Graphical User Interface for the preprocessing step.

4.5 Summary

Throughout this chapter, we reviewed the inŕuence of processing choices on the extrac-
tion of ŕood maps and water depth őelds from SAR imagery. While most studies in the
literature using satellite images for ŕood modeling consider unique conőgurations (deter-
ministic choice of preprocessing, ŕood mapping, or water depth estimation methods, and
hyperparameters), we demonstrated that the outputs, ŕood maps or water depth őelds,
can vary signiőcantly depending on the processing strategy. Through two test cases (the
Garonne River and the Shannon River), we showed that the best-performing method
varies across regions, highlighting the need to quantify uncertainties in each study area.
The results emphasize the importance of evaluating ŕood observation accuracy before
using it for model calibration or validation. The next chapter proposes a methodology for
selecting suitable performance measures to compare simulated and observed ŕood maps.



Chapter 5

Evaluation of Performance Measures

for Comparing Flood Models with

Satellite Observations

Résumé :

Ce chapitre propose une méthodologie pour guider la sélection de mesures de perfor-
mance pour comparer les simulations numériques d’un événement d’inondation avec une
image satellite, pour calibrer ou valider les modèles numériques. Face à un ensemble de
mesures de performance, il est nécessaire d’évaluer lesquelles sont les plus appropriées
pour comparer les cartes d’inondation observées et simulées. Tout d’abord, une analyse
de corrélation a été réalisée pour déterminer les relations entre les différentes mesures
de performance. Une série de critères a ensuite été appliquée pour évaluer la sensibilité
des mesures de performance par rapport à l’étendue de l’inondation, aux caractéristiques
du satellite (position et orientation) et aux erreurs de mesure ou de traitement (valeurs
brutes du satellite ou extraction des cartes d’inondation). Les mesures de performance
répondant au plus grand nombre de critères ont ensuite été classées en fonction de
l’identiőabilité des valeurs du paramètre.

Abstract:

The present chapter proposes a methodology to guide the selection of performance
measures to compare numerical simulations of a ŕood event with a satellite image, for
purposes of model calibration or validation. Faced with a set of performance mea-
sures, practitioners need to assess which are most suitable for comparing observed and
simulated ŕood maps. First, a correlation analysis was conducted to determine the rela-
tionships between various performance measures. A series of criteria were then applied to
evaluate the sensitivity of the performance measures with respect to ŕood extent, satel-
lite characteristics (position and orientation), and errors in measurement or processing
(raw satellite values or extraction of ŕood maps). The performance measures meeting
the most criteria were then ranked based on the identiőability of parameter values with
regard to observation errors.
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5.1 Motivations

Satellite observations can be leveraged to extract ŕood maps and provide distributed data
of the ŕood extent as discussed in Chapters 2 and 4. These observations can be used to
calibrate 2D hydrodynamic models. In most automated calibration strategies such as the
DA techniques presented in Chapter 3, the misőt between the numerical model and the
observations is computed. In classical DA, the classical mathematical tool to compute
this misőt is the Euclidean distance. However, other performance measures could be used
to compute the misőt between observed and simulated ŕood maps which consist of dense
images with geometric textures.

This chapter directly addresses the second research question introduced in Chapter 1:

Research Question 2

How can the agreement between a satellite observation and a simulation be quan-
tiőed?

Section 5.2 presents the proposed methodology to guide the selection of a performance
measure to compare simulated and observed ŕood maps. This section is written in the
form of a paper which is published in Water Resources Research.

5.2 Published article in Water Resources Research

This article is available online at https://doi.org/10.1029/2024WR038506.

https://doi.org/10.1029/2024WR038506
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Evaluation of Performance Measures for Comparing Flood

Models With Satellite Observations

J.‐P. Travert1,2 , S. Boyaval2,3 , C. Goeury1,2 , V. Bacchi1 , and F. Zaoui1

1EDF R&D, Laboratoire National d’Hydraulique et Environnement (LNHE), Chatou, France, 2Laboratoire d’Hydraulique

Saint‐Venant (LHSV), ENPC, Institut Polytechnique de Paris, EDF R&D, Chatou, France, 3Inria, Paris, France

Abstract Selecting appropriate performance measures is crucial for calibrating numerical flood models

with satellite images, as differences between performance measures can significantly impact model predictions.

The present study reports a step‐by‐step methodology to guide the selection of performance measures to

compare numerical simulations of a flood event with a satellite image, for purposes of model calibration or

validation. Faced with a set of performance measures, practitioners need to assess which are most suitable for

comparing observed and simulated flood maps. First, a correlation analysis was conducted to determine the

relationships between various performance measures. A series of criteria were then applied to evaluate the

sensitivity of the performance measures with respect to flood extent, satellite characteristics (position and

orientation), and errors in measurement or processing (raw satellite values or extraction of flood maps). The

performance measures meeting the most criteria were then ranked based on the identifiability of parameter

values with regard to observation errors. The methodology is discussed numerically in the context of a single

flood event (on the Garonne River in France in February 2021), using a distribution of water depths simulated

from a shallow‐water model (parameterized by an uncertain friction field). The methodology was shown to be

useful in the study case in identifying 4 performance measures out of 24. The proposed methodology is intended

to be generic, and therefore, applicable to any flood model or flood event.

1. Introduction

To assess the state of an ongoing flood in real time or to predict likely future floods, river water motion is often

simulated on numerical models. However, these models of the environment only approximate real‐world physical

processes. They constantly need to be corrected, by calibration to observations, to maintain forecasting capacity.

Calibration is now enhanced by the development of information technology resources. Although flood models

used mainly to be calibrated with pointwise gauges, it is now becoming standard practice to compare them with

satellite images (Dasgupta et al., 2021; M. S. Horritt, 2000; Wood et al., 2016). The increasing availability of new

types of observation, such as spatially distributed images, requires new tools for comparison between simulations

and observations. In this context, which performance measures are selected for evaluating simulated versus

observed flood maps significantly affects prediction (Beven, 2006).

Performance measures (also called calibration metrics, scores, verification metrics, distance, dissimilarity

measures, etc.) are scalar functions that quantify differences between numerical values of a mathematical object,

such as simulated and observed rasters (grids of pixels). Murphy (1993) distinguished three criteria determining

simulation goodness: the match between the practitioners' judgments and the simulations, the statistical match

between the simulations and observations, and the economic/environmental priorities of the decision‐makers. The

present paper focuses on the second issue: the quality quantification between numerical simulations and obser-

vations, based on performance measures.

The choice of an appropriate performance measure depends on the nature of the observations and/or the char-

acteristics of the model. To calibrate the parameters of two‐dimensional (2D) flood models in floodplains, it is not

enough to rely solely on data from hydrometric stations along the channel. Sometimes, water mark measurements

are available in floodplains (e.g., Vigicrues (https://www.vigicrues.gouv.fr/), a flood‐monitoring service that

collects water marks during floods in France) (Aronica et al., 1998; Ballesteros et al., 2011), or satellite altimetric

data may be available (Domeneghetti et al., 2014). Over the last two decades, with the increasing number of

remote sensing observations (aerial photographs or satellite observations), new high‐resolution data have become

available during floods. These data are leveraged to quantify the quality of model simulations, notably in

floodplains (Di Baldassarre et al., 2009; Hall et al., 2011; M. Horritt & Bates, 2002; M. S. Horritt, 2000; Neal
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et al., 2012; Wood et al., 2016). Synthetic Aperture Radar (SAR) in particular images are widely used for model

quality assessment. Satellite missions such as Sentinel‐1 provide free data, and SAR images enable water

detection even under cloudy conditions and at night (Tarpanelli et al., 2022). From these satellite images, high‐

resolution flood maps can be extracted (e.g., 10 m for Sentinel‐1).

In contrast to water depth measurement at single points, how to choose a performance measure for 2D flood maps

is as yet unclear. For data assimilation, the simulated water depth fields are typically compared with observations

in an L2 space, considering Gaussian additive errors (Cao et al., 2019; Hostache et al., 2010). However, recon-

structing water depth fields from satellite flood maps is a highly uncertain procedure (Hostache et al., 2009;

Schumann et al., 2007). It would be preferable to compare flood maps directly, without introducing additional

errors at the reconstruction step (Cooper et al., 2019). Reproducing identified sources of error, such as mea-

surement error in satellite images caused by foreshortening, layover due to topographic features such as

mountains, or the non‐detection of flooded areas due to vegetation, is challenging (Zhao et al., 2021). Ranking

performance measures according to their mathematical properties (e.g., convexity or differentiability) is not

straightforward. Given the number of difficult hypotheses, we prefer to use an even more indirect method: the

possibility for the practitioner to identify the optimal parameterization among a set of simulations by testing

various criteria.

Weather forecasting has pioneered the comparison of spatial fields (Jolliffe & Stephenson, 2012), developing

performance measures mainly for rainfall and temperature fields, but this could also be extended to hydraulics

(Casati et al., 2008; Gilleland et al., 2009). To date, most flood event studies relied on comparisons between

simulations and observations projected on the same grid, in a grid‐to‐grid (or pixel‐to‐pixel) approach (Aronica

et al., 2002; Grimaldi et al., 2016). These performance measures provide incomplete information about simulation

quality, as the comparison on a pixel‐to‐pixel basis does not consider location mismatch, spatial structure or field

features (Casati et al., 2008; Jolliffe & Stephenson, 2012; Wilks, 2011). For example, if a simulated and observed

flood have the same shape and size but are not aligned, the performance measure value may be low (Gilleland

et al., 2009). Pappenberger et al. (2007) reviewed performance measures based on pixel‐to‐pixel comparisons.

They recommended that different performance measures should be used conjointly to evaluate different flood

characteristics. Stephens et al. (2014) also assessed pixel‐to‐pixel performance measures, and reported incon-

sistent performance measures behaviors depending on flood event magnitude or catchment characteristics. For

validation of flood maps, Landwehr et al. (2024) proposed guidelines to take account the role of the imbalance

between flooded and dry pixels in selecting a performance measure, by adapting the sampling design when

evaluating the performance measure. Further evaluations of performance measures have been performed in

hydrology. Cloke and Pappenberger (2008) proposed a 6‐criterion approach to select new performance measures.

Crochemore et al. (2015) compared expert judgment and performance measures, highlighting that they may not

identify the hydrograph best matching simulations and observations in the same order.

In the hydraulics community, there are few studies exploring novel performance measures or comparing per-

formance measures for flood maps in real flood events (Hooker et al., 2022, 2023; Landwehr et al., 2024). The

present study therefore sought to define a specific methodology adapted to flood maps. Criteria are proposed to

compare and rank performance measures based on satellite characteristics, flood processes and computation time.

As explained above, owing to the difficulty of modeling and simulating the various sources of spatially distributed

observation errors, we resort to a “metaverification” approach (Murphy, 1996). Traditional performance mea-

sures based on pixel‐to‐pixel comparison are assessed, as are geometric performance measures based on spatial

patterns and structure identification. For illustration, a flood event in the Garonne River in France was chosen, as

it has been studied several times for flood applications in the context of parameter identification (Besnard &

Goutal, 2011; El Garroussi et al., 2019; Nguyen et al., 2022).

The study discusses how to select performance measures to compare numerical simulations of a flood event

versus a satellite image. The article is structured as follows. Section 2 describes the proposed methodology for

selecting performance measures for comparing observed and simulated flood maps. Section 3 presents the ma-

terials for the Garonne case study: the flood model to be calibrated, the satellite image, and the tested performance

measures. Section 4 reports the results of this numerical illustration. Section 5 gives an example of calibration,

and the methodology is discussed. Finally, Section 6 draws a conclusion and presents future perspectives.
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2. Methodology for Selecting Performance Measures

In the following, O, S ∈ {0,1}Nx ×Ny refers to flood map matrices from observation and simulation respectively.

The state of each pixel is dichotomized as dry (0) or flooded (1). The term L(., .) denotes any performance

measure. The flood model generates simulations based on parameter realizations ωm, where m ∈ [1;M] with M

being the number of samples. H(ωm) or S(ωm) denote the simulated water depths or flood maps, respectively, of

one member of the random sample. The number of simulations M is adjusted to ensure convergence of the

statistical moments of the probability distribution of L(O,S(ωm)). The coordinates of the pixel centers are stored
in two matrices X,Y ∈ R

Nx ×Ny . The total number of pixels Nx × Ny is denoted by N.

Our goal was to select the most suitable performance measure to evaluate flood event simulations versus satellite

observations (see Figure 1, Section 2.1). The first selection step evaluates correlations between performance

measures for an observed flood map (reference) and a sample of simulated flood maps. Such correlations can help

reduce the number of performance measures for analysis (see Figure 1, Section 2.2). In this study, we develop a

“metaverification” process, as introduced by Murphy (1996). Metaverification aims to identify performance

measures that meet specific criteria, such as robustness with respect to translation/noise, etc. Depending on the

nature of the problem (floods, temperature field estimation, rainfall analysis, etc.), these criteria may differ

(Jolliffe & Stephenson, 2012), and here we propose specific criteria to compare flood maps based on simulations

and on satellite observations (see Figure 1, Section 2.3). The evaluation criteria aim to select a performance

measure that allows calibration within a random sample of simulations: that is, that, via a calibration procedure,

can identify a parameter field despite limited observations and computational limitations. The criteria are not

ordered by importance. The first criterion quantifies the performance measures' sensitivity to errors in flood

magnitude: that is, spatial extent (see Figure 1, Section 2.3.1). Then, two criteria are used to evaluate sensitivity to

displacement and noise errors. For these criteria, we consider a reference flood map (either simulated or observed)

and generate variations in the map to reproduce errors in the observation or simulation (see Figure 1, Sec-

tions 2.3.2 and 2.3.3). The sensitivity of the performance measure to the variations in the flood map is evaluated

numerically, relative to the unvarying reference map. Finally, a criterion is based on the computational re-

quirements to estimate the performance measures (see Figure 1, Section 2.3.4). The first and second criteria were

inspired by the Cloke and Pappenberger (2008) procedure applied to precipitation fields. In the present study, they

are adapted for comparison of flood maps. Our selection methodology first analyzes each criterion independently.

The performance measures that are not rejected by any of the criteria are then ranked (see Figure 1, Section 2.4),

based on the possibility of identifying the same simulation as optimal with respect to observation errors.

In the following subsections, we present the data processing used to generate the reference observed flood map

and the samples of simulated flood maps. Then, the correlation analysis, criteria and ranking workflow are

described. Figure 1 shows all the steps of the methodology, with schematic examples to help practitioners un-

derstand and implement the methodology in any case study. The various steps in the Figure are described more

exhaustively in the following subsections.

2.1. Data Processing

2.1.1. Observed Flood Maps O

An SAR observation is a grid of pixels of size Nx × Ny, where each element corresponds to the backscatter

intensity value (proportional to the energy received over the energy emitted by the satellite on the pixel), denoted

as σ0, capturing the radar signal's interaction with the Earth's surface. Based on the backscattering intensity, it is

possible to create a flood mapO classifying each pixel as dry or flooded. This task can be carried out with various

extraction procedures (Grimaldi et al., 2016; Landuyt et al., 2018; Schumann et al., 2023), but the present study

relied on a single method, as this was not the focus of the study. The flood maps were extracted using a local

thresholding procedure that dichotomized flooded and dry pixels based on the backscattering values; based on the

histogram of a satellite observation, a threshold σ0ref was determined. A more comprehensive description of the

principle and algorithm can be found in Chini et al. (2017) and Appendix A. This method is widely used in flood

mapping studies and is considered reliable for the extraction of flood extent (Hostache et al., 2018; Landuyt

et al., 2018). The Joint Research Centre, for instance, uses this method to map floods for the Global Flood

Monitoring product.
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2.1.2. Simulated Flood Maps S

Water depth is the value of interest and output of the simulation. However, to be compared with flood map

observations, processing is needed. For each simulation, we defined a matrixH ∈ R
Nx ×Ny such thatHi,j equals the

Figure 1. Step‐by‐step methodology to guide selection of a performance measure (L) to compare observed (O) and simulated

(S) flood maps.
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value of the finite element water depth at the center of the pixel (i, j). This was then converted into a flood map

matrix using a threshold τ water depth. Sτ denotes a map such that Sτ
i,j = 1Hi,j > τ for each pixel (i, j) of the

observation. Here, we follow Aronica et al. (2002) and set τ at 10 cm; then, for the sake of clarity, we simply

rewrite Sτ as S.

2.2. Correlation Analysis

The number of performance measures to be evaluated can be reduced by correlation analysis to eliminate re-

dundancies and ensure that all performance measures identify distinct aspects of the errors. Correlations can be

identified graphically on scatter plots, correlation matrix heatmaps, and principal component analysis (PCA)

correlation circles. Practitioners can use any of these to identify linear correlations between performance mea-

sures. In the present study, all these techniques were used, and especially scatter plots. Scatter plots show the

relationship between two variables. The alignment of the points in the scatter plots reflects the strength of the

relationship. Scatter plots can identify linear and non‐linear relationships between the performance measures, and

linearly correlated performance measures can be excluded from further analysis.

2.3. Evaluation Criteria

2.3.1. Criterion 1: Sensitivity to Magnitude Error

A good performance measure should be significantly sensitive to changes in the magnitude of the quantity of

interest: that is, the extent of the flood. If there are fewer or more flooded pixels in the domain, typically because

of the sensitivity of the “flooded” status of a pixel (link to the minimum threshold τ in simulations, or to the post‐

processing of observations), the performance measure should be affected.

To quantify this sensitivity to variations (“errors”) in the magnitude of flood extent, following Cloke and Pap-

penberger (2008), we generated quantiles within each simulated or observed flood map after varying the main

processing parameter in each case (the threshold τ or σ0ref ). The relative variations can be analyzed for each

performance measure as a function of quantiles, possibly after a preliminary statistical analysis of the relative

variations in the samples, such as simulated flood maps resulting from a random distribution of the friction

parameter or observed flood maps from different hyperparameterizations of the extraction algorithms. We

conducted this analysis on simulations and observations independently.

2.3.1.1. Simulated Flood Maps

The volume of water in the simulated domain underlies the variations in flood extent. By choosing different water

depth thresholds τ, we generated variations in flood extent to evaluate the sensitivity of the performance measure

to magnitude errors. For each simulation output H(ωm), flood maps were created with varying water depth

threshold τ = hl with l ∈ {10; 20;… ; 80; 90}. The levels hl were defined as empirical quantiles of the distribution

of values Hi,j with i, j ∈ [1,… ,Nx] × [1,… .,Ny]. For every simulation, Hi,j (ωm) can be ordered by increasing

values ((Hk)(i,j)|k = 1,… ,Nx × Ny), then hl = Hk with k = l
100

⋅Nx ⋅Ny.

Then, to check the behavior of a performance measure L to changes in flood extent, the map with the quantile h50

was chosen as a reference and compared with the other quantiles. L(Sh50 (ωm),Shl (ωm)) was computed for all

simulations 1≤m≤M and all quantiles. For each quantile, the numerical evaluation of the performance measures

was visualized on box‐plots representing the range of values for the M simulations.

2.3.1.2. Observed Flood Maps

The observed flood maps may vary depending on the extraction procedure parameters. In this study, identification

of σ0ref was subject to uncertainties due to measurement and post‐processing errors. To evaluate the behavior of the

performance measures with these uncertainties, flood maps with other thresholds around σ0ref were created. By

adjusting the threshold, flood maps with varying degrees of flooding were generated (similarly to the magnitude

errors for the simulated fields). The impact of threshold error is illustrated in Figure 2. Ten flood maps, denoted as

(Oσ0
i )−5≤ i≤ 5, with threshold values σ0i ∈ {0.95 σ0ref ,… ,0.99 σ0ref ,σ

0
ref , 1.01 σ0ref ,… ,1.05 σ0ref }, were created and

compared with the reference flood map. The flood maps with the lowest errors with respect to the reference can be
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expected to have performance measure values closer to the reference, similarly to the previous test on the

simulated fields.

2.3.2. Criterion 2: Sensitivity to Displacement Error

Displacement errors occur when extracting data from satellite images (e.g., georeferencing inaccuracies, map

projection, platform orientation, and so on.). Rotation and translation errors should be corrected to avoid location

errors, and a performance measure should be sensitive to these types of error.

2.3.2.1. Translation Error

SAR observations can be subject to spatial translation errors, and a good performance measure should be signif-

icantly sensitive to such errors. To quantify this sensitivity, we generated translation errors on floodmaps in various

directions. Each flood map S(ωm) was translated by 1–3 pixels in three directions: 1 north (1N), 1 west (1W), 1

northwest (1NW), 2 north (2N), 2 west (2W), 2 northwest (2NW), 3 north (3N), 3 west (3W), and 3 northwest

(3NW). Longer distances were not considered, as they do not represent probable translations from geolocation

errors or the extraction of floodmaps (Schumann et al., 2008). For a grid of pixels with a resolution of 10m, center‐

to‐center distances between the reference maps and the translated maps ranged from 10 to 42m (three pixels in the

northwest direction). The translated fields are denoted as St (ωm) with t ∈ {0; 1N; 1W; 1NW; 2N; 2W;

2NW; 3N; 3W; 3NW}, and S0 (ωm) = S(ωm). The value L(S(ωm),St (ωm)) was computed for all simulations

1≤m≤M and all translations. The evaluation of the performance measure for a translated field against the

reference field should deviate from the optimal value of the performance measure with increasing distance.

2.3.2.2. Rotation Error

The observation may also contain rotational inaccuracies due to small changes in the sight angle and distortion

errors (Sansosti et al., 2006). The simulated flood maps were rotated, counterclockwise around the center, by

different angles and compared to the reference flood maps. The coordinates of the rotated field were calculated as

follows:

[(Xrotated)i,j
(Yrotated)i,j

] = [cos(θ) − sin(θ)
sin(θ) cos(θ)

] [Xi,j

Yi,j

], (1)

where θ is the angle of rotation. The simulated flood maps were rotated arbitrarily by θ ∈ {−10° , −5° , −2° ,

−1° , 0° , 1° , 2° , 5° , 10°} and the rotated fields are denoted as Sθ (ωm) with S0° (ωm) = S(ωm). Then, similarly to

the translation displacement, L was calculated for each configuration against the reference simulated flood maps.

Figure 2. Illustration of the creation of observed flood maps with errors (positive for σ0 ≥ σ0ref , and negative for σ0 ≤ σ0ref ) in

threshold identification on bimodal Gaussian distributions of σ0.
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The evaluation of the performance measure for a rotated field should deviate from the optimal value with

increasing angles.

2.3.3. Criterion 3: Sensitivity to Noise

A good performance measure should naturally be sensitive to the noise spatially distributed within the satellite

observation images, before or after processing (here, as an extracted flood map). The SAR backscatter values are a

function of speckle (grainy noise in SAR images from wave interference, affecting pixel intensity) and of the

underlying land use, which often exhibits a spatial autocorrelation, such as flooded areas (Ulaby et al., 1986). The

flooded pixels can be subject to spatial autocorrelation over hundreds of meters (Waller et al., 2018), with

neighboring pixels more likely to share the same state.

To evaluate this sensitivity, Cloke and Pappenberger (2008) generated spatial autocorrelation using Sequential

Gaussian Simulations (SGS) with various spatial correlations based on a variogram computed on the observation.

However, SGS is too computationally expensive for large numbers of pixels (here, more than 6,113,000) because

of the variogram modeling and kriging steps. Another possibility is to introduce noise with a Gaussian filter.

Gaussian filtering aims to smooth an image by replacing each pixel value with a linear combination of its

neighbors. Practically, it involves performing a convolution between an input matrix and a convolution kernel. An

illustration is given in Figure 3, with a kernel of size 3.

The reference observed flood map was noised for different kernel sizes (3, 5, 7, and 9) with s ∈

{0.1,0.2,… ,2.9,3.0} where s is the standard deviation. After convolution, pixels with values above 0.5 were

considered flooded, and otherwise dry. The noised observations denoted as Os were compared to the reference

computing L(O,Os) . For a Gaussian filter, the kernel is computed as follows:

G(Xi,j,Yi,j) =
1

2πs2
e
−

X2
i,j
+Y2

i,j

2s2 . (2)

The kernel matrix is then normalized so that the sum equals one.

2.3.4. Criterion 4: Computation Time

The cost of computing a performance measure could be prohibitive; depending on the computational capability

available, the user may be interested in more cost‐effective implementations. For each call toL, computation time

is evaluated. Preprocessing of images, such as projections or flood mapping, is not taken into account for the

computation time. Selection of a performance measure may depend on the efficiency of implementing the per-

formance measures by the developers.

2.4. Ranking Performance Measures

After the selection phase, the practitioner may still have several performance measures available, and the last step

is to rank them. The proposed ranking process is based on the sensitivity of parameter identification to observation

errors. A sample of 100 flood maps (convergence of the ranking on our test case) with different processing (e.g.,

Figure 3. Example of matrix convolution by a convolution kernel.
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different thresholds distinguishing dry and flooded pixels) following the same process was created, as in Sec-

tion 2.3.1, with uniformly distributed thresholds (σ0j )1≤ j≤ 100
between minimum and maximum values. The

choice of values was based on a proposal by Hostache et al. (2009) whereby pixels that are uncertain as to flooded

or dry status in the yellow and red zones of Figure 2 are constrained by two thresholds: σ01 is the minimum value of

σ0 in grassland regions of the dry area in floodplains, and σ0100 is the maximum value of σ0 in permanent water

bodies. For each observation O
σ0
j with 1≤ j≤ 100, the simulated flood map minimizing performance measure

discrepancy is determined as:

Ej = min
1≤m≤M

|L(Oσ0
j ,S(ωm)) − L(Oσ0

j ,Oσ0
j )⃒⃒⃒. (3)

E = {Ej|1≤ j≤ 100} describes the set of simulations determined in Equation 3. For each performance measure,

the maximum number of times a simulation is identified in set E is computed as follows:

nmax = max
1≤ j≤ 100

|{Ejʹ
|E

jʹ
= Ej}| (4)

where {Ejʹ
|E

jʹ
= Ej} denotes the subset of simulations that are equal to Ej. The performance measures are

ranked according to the nmax values. The performance measures that are most robust with respect to observation

errors are those in which the same simulation is identified the most often in E.

3. Materials for Numerical Illustration of the Methodology

The methodology was illustrated by a numerical application to a specific case of a flood that occurred in France,

for which satellite images were freely available (see Section 3.1). Numerical simulations were performed using a

standard flood model (see Section 3.2). The performance measures used to compare the observed and simulated

flood maps are presented in Section 3.3.

The study area was the Garonne River between Tonneins and La Réole, in southwest of France (see Figure 4). The

reach is about 50 km long, with a mean width of 250 m under normal flow conditions. The floodplain is 1–4 km

wide, and mainly comprises rural areas used for agricultural purposes, with the remainder consisting of small

patches of vegetated and urban areas. Since the nineteenth century, following a major flood in 1875, the

floodplains have been equipped with dikes and levees to protect urban areas and infrastructure from flooding. This

area has already been used numerous times for the study of numerical models of floods, and we built on these

previous efforts in constructing the numerical model (see Section 3.2).

Figure 4. Visualization of the study area on the Garonne River in France. The dots represent in‐situ gauging stations and the

colored subdomains indicate the floodplain friction zones.
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3.1. Satellite Observation

In February 2021, a significant flood occurred in the study area. The flood event was observed twice by the

Sentinel‐1 C‐band SAR instrument at 5.405 GHz. Acquisition times are reported in Figure 5, along with the

discharge measured every 15 min at three in‐situ stations. All times reported below are given in Coordinated

Universal Time (UTC).

The present study used the first satellite observation, on February 2, at 5:55 p.m. The image was downloaded from

ASF Data Search Vertex (https://search.asf.alaska.edu/). The observation extracted at “LEVEL‐1 GRD” with VH

polarization is a preprocessed Nx × Ny grid of pixels (involving orbit correction, radiometric calibration, noise

reduction, thermal noise removal, terrain correction, and georeferencing) at a resolution of 10 × 10 m. Here, the

dimensions of the image are Nx = 2644 and Ny = 2312. Then, each pixel is classified as flooded or dry, to create

a flood map as described in Section 2.1.

3.2. Numerical Simulation by a Hydrodynamic Model

To simulate flood events, a numerical solution of the 2D shallow‐water equations (SWEs) (5–7) was used. The

SWEs in a Cartesian coordinate system where gravity acts uniformly as −gez
→ can be written as:

∂h

∂t
+ ∂(hu)

∂x
+ ∂(hv)

∂y
= 0, (5)

∂(hu)
∂t

+ ∂(hu2)
∂x

+ ∂(huv)
∂y

= −gh
∂η

∂x
+ ∇ ⋅ (h νe∇u) − 1

ρ
τbx, (6)

∂(hv)
∂t

+ ∂(hv2)
∂y

+ ∂(huv)
∂x

= −gh
∂η

∂y
+ ∇ ⋅ (h νe∇v) − 1

ρ
τby. (7)

These are standardly used to model free‐surface flows with water depth h≥ 0 and a depth‐averaged velocity

uex
→ + vey

→ as unknown variables that are functions of x, y and time t ∈ [0,T). The water surface is denoted

η = h + zb, where zb(x,y) is the given bottom elevation, νe > 0 a constant viscosity, and τbxex
→ + τbyey

→ the bed

shear stress function of h, u, and v. TheManning‐Strickler formula (Manning, 1891) is used for the bed shear stress:

⎧⎪⎪⎪⎨⎪⎪⎪⎩
τbx =

−g ⋅ u

h4/3 ⋅K2
s

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
u2 + v2

√

τby =
−g ⋅ v

h4/3 ⋅K2
s

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
u2 + v2

√ , (8)

where, for application to real floods, the spatially distributed Strickler coefficient Ks needs calibrating, as a

friction parameter that is a function of x, and y (Morvan et al., 2008).

Figure 5. Measured discharge at the gauging stations (Tonneins, Marmande, and La Réole) and Sentinel‐1 (S1) acquisition

times during the February 2021 flood event.
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TELEMAC‐2D (T2D), a module of the open‐source hydro‐informatics system openTELEMAC (www.open-

telemac.org) (Hervouet, 2007), was used to solve Equations 5–7, complemented by boundary conditions. It relies

on a continuous piecewise‐linear finite element approach, based on an unstructured triangular mesh. The N edge‐

by‐edge scheme and the Positive Streamwise Invariant distributive scheme were used to compute the advection of

velocity and water depth, respectively. An important feature for floodplain modeling is the wetting and drying of

grid elements, taken into account here by correction of the free surface gradient (Hervouet, 2007).

For the present study, the T2D model used a simplicial mesh made up ofN = 41,416 nodes, and the size of the

edges of the grid varied from 40m in the channel to 80 m around the dikes and 150 m in the floodplains (Figure 4).

To accurately represent dikes, the mesh was constrained along different lines. Channel bathymetry was recon-

structed with bottom elevations measured from 70 cross‐sections. Floodplain topography was determined from

IGN (French National Institute of Geographic and Forest Information) maps and aerial photographs. A more

complete description of the construction of the model can be found in Besnard and Goutal (2011). The model was

initialized at t = 0 with a previous steady‐state simulation with upstream discharge of 2,300 m3 ⋅ s−1. For the

boundary conditions, a time‐varying hydrograph was imposed upstream at Tonneins (see Figure 5 for the flood

event under study) and a rating curve linking water depth to discharge was imposed downstream at La Réole.

The friction parameter Ks was piecewise constant over the simulation domain: that is, with a uniform value over

subdomains. The riverbed was divided into 3 subdomains, based on prior calibration of the model on historical

floods: Ks = 45 m1/3 ⋅ s−1 between Tonneins and Mas d’Agenais, Ks = 38 m1/3 ⋅ s−1 between Mas d’Agenais

and Marmande, and Ks = 40 m1/3 ⋅ s−1 between Marmande and La Réole. The floodplain was divided into 92

subdomains, corresponding to areas of homogeneous land use based on the 2018 Corine Land Cover data set

(https://land.copernicus.eu/en/products/corine‐land‐cover/clc2018), as visualized in Figure 4. For each land use

class, the prior range of Strickler values was defined as shown in Table 1. The range limits were fixed according to

expert knowledge, primarily based on 1D considerations and laboratory experiments (Barnes, 1967; Chow

et al., 1988). A uniform distribution was considered since the shape of the Strickler distribution for each land use

is not described in the literature.

3.3. Performance Measures

The following subsections detail the performance measures used in this study. Several are already known to the

hydraulic community, mostly based on pixel‐to‐pixel comparisons of 2D flood maps (Aronica et al., 2002;

Grimaldi et al., 2016; Pappenberger et al., 2007). Geometric performance measures based on shape analysis or

texture identification are also presented. Twenty‐four are evaluated here, chosen from the literature based on ease

of implementation in the context of the present case study (Wilks, 2011).

3.3.1. Pixel‐To‐Pixel Comparison of Flood Maps

Pixel‐to‐pixel performance measures compare the number of pixels that match or do not match between a

simulation and an observation. There are four possible outcomes, which can be represented in a 2 × 2 confusion

matrix (or contingency table), as shown in Figure 6. At the grid points, a hit occurs when a pixel is correctly

predicted to be flooded (True Positive (TP)) and a correct rejection (True Negative (TN)) occurs when it is

Table 1

Range of the Friction Values for Each Floodplain Land Use

Land use Range (m1/3 ⋅ s−1)
Waterbodies U (32.5,37.5)
Fields and meadows without crops U (17.5,22.5)
Cultivated fields with low vegetation U (15,20)
Cultivated fields with high vegetation U (10,15)
Shrublands and undergrowth areas U (8,12)
Areas of low urbanization U (8,10)
Highly urbanized areas U (5,8)
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correctly predicted to be dry. A false alarm (False Positive (FP)) and a miss (False Negative (FN)) occur when a

pixel is simulated as flooded or dry, respectively, whereas the opposite is observed.

Numerous performance measures combine TP, TN, FP, and FN; the most widely used are listed in Table 2. The

Table reports the range of possible values, the perfect value (for the same flood maps), and a description of each

performance measure. In the present study, 15 performance measures were evaluated. Fβ was calculated for 3

values, with β ∈ {1; 1.5; 2}. Many variants have been formulated in the literature to reflect the need to assess

classification from different perspectives and accommodate the specific requirements of different domains. For

example, for floods in sensitive areas, minimizing FN (ensuring high recall) might be more important for

decision‐makers than ensuring high precision by minimizing FP. Other performance measures, such as the

Matthews correlation coefficient (MCC) or Cohen's Kappa formula (κ), aim at balancing the variables of the

confusion matrix to avoid bias from unbalanced classes. Although FPR, TPR, PPV, and NPV are naive per-

formance measures, we used them to assess the rejection capability of the proposed methodology as part of our

testing process.

Figure 6. Classification of True Positive, True Negative, False Negative, and False Positive for the comparison of two

schematic observed and simulated flood maps.

Table 2

Most Widely Used Performance Measures for Pixel‐To‐Pixel Comparison Based on the Confusion Matrix Adapted From Grimaldi et al. (2016)

Name Evaluation [Min, max, perfect value] description

False positive rate (FPR)/Precision (F) FP/ (FP + TN) [0, 1, 0] Proportion of overprediction of flooded areas

True positive rate (TPR)/Recall (H) TP/ (TP + FN) [0, 1, 1] Proportion correct of observed flooded areas

Positive predictive value (PPV) TP/ (TP + FP) [0, 1, 1] Proportion of positive pixels that are true positive

Negative predictive value (NPV) TN/ (FN + TN) [0, 1, 1] Proportion of negative pixels that are true negative

Peirce skill score (PSS) H‐F [−1, 1, 1] Maximizing the difference between H and F

Accuracy (ACC) (TP + TN)/ (TP + FP + TN + FN) [0, 1, 1] Proportion correct of total domain area

Fβ‐score (1 + β2) ⋅ (H ⋅F)/(β2 ⋅F + H) [0, 1, 1] Combine precision and recall

Matthews correlation coefficient (MCC) TP ⋅TN −FP ⋅FN̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP+FP) ⋅ (TP+FN) ⋅ (TN +FP) ⋅ (TN +FN)

√ [−1, 1, 1] Balance of the four categories

Bias (B) (TP + FP)/ (TP + FN) [0, ∞, 1] Ratio highlighting over/underprediction

Critical success index (CSI) TP/ (TP + FP + FN) [0, 1, 1] Adaptation of ACC to focus on flooded areas

F<3> (TP − FN)/ (TP + FP + FN) [−1, 1, 1] Designed to penalize underprediction of flooded areas

F<4>/Measure of fit (TP − FP)/ (TP + FP + FN) [−1, 1, 1] Designed to penalize overprediction of flooded areas

Cohen's Kappa formula (κ) 2 ⋅ (TP ⋅TN −FN ⋅FP)
(TP+FP) ⋅ (FP+TN) + (TP+FN) ⋅ (FN +TN)

[−1, 1, 1] Balance of the four categories
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3.3.2. Geometric Comparison of Flood Maps

Another possibility for comparing 2D flood maps is to examine their geometric properties. These performance

measures may provide more information, since floods have a spatial structure. In this subsection, each perfor-

mance measure is briefly introduced, and further information can be found in the cited references. The perfor-

mance measures are summarized in Table 3 with a brief description, the range of possible values, and the perfect

value for each performance measure.

3.3.2.1. Distance Based Measures

The performance measures introduced below are based on computing distances on set of points (point‐to‐point or

between contours).

3.3.2.1.1. Hausdorff Distance

The Hausdorff distance (Hausdorff, 1927) measures the greatest distance between any point in one set (here, the

observed flooded pixels) and the closest point in another set (here, the simulated flooded pixels). As an illus-

tration, in Figure 7, the green line shows the greatest distance from any point in set O to the closest point in set S,

and the orange line shows the maximum distance from any point in set S to the closest point in setO. The length of

the orange line is the Hausdorff distance. The Hausdorff distance denoted as dH is formulated as follows:

Table 3

List of Evaluated Geometric Performance Measures

Name Method type [Min, max, perfect value] description

Hausdorff distance (dH) Distance based [0, ∞, 0] Maximum distance between points of two sets

Modified Hausdorff distance (dMH) Distance based [0, ∞, 0] Mean of the distances from each point in one set to the closest point in the

other set

Procrustes analysis (P2) Shape alignment [0, ∞, 0] Euclidean distance between shapes after rotation, scaling, and rotation

Sliced‐Wasserstein distance (W2) Distribution based [0, ∞, 0] Distance between probability distributions

Normalized Mutual Information (NMI) Information theory [1, 2, 2] Quantifies similarity using entropy

Flood Skill Score (FSSn) Neighborhood [0, 1, 1] Quantifies overlap by comparing the flooded fraction over multiple

neighborhood scales

Figure 7. Visualization of the greatest minimum distance from the observed flood (O) to the simulated flood (S) in green and
from S to O in dotted orange.
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dH(O,S) = max { max
(i,j),Si,j=1

{ min
(k,l),Ok,l=1

δ((i, j), (k, l))},
max

(i,j),Oi,j=1
{ min
(k,l),Sk,l=1

δ((i, j), (k, l))}} , (9)

where

δ((i, j), (k, l)) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(Xi,j − Xk,l)2 + (Yi,j − Yk,l)2

√
. (10)

3.3.2.1.2. Modified Hausdorff Distance

Hausdorff distance can be highly sensitive to outliers. To address this issue, the Modified Hausdorff distance was

introduced by Dubuisson and Jain (1994). Instead of taking the greatest minimum distance between the sets, it

averages the distances between the closest points in both sets. TheModified Hausdorff distance is denoted as dMH

and formulated as:

dMH(O,S) = max
⎧⎨⎩ 1

|O| ∑
(i,j),Oi,j=1

min
(k,l),Sk,l=1

δ((i, j), (k, l)),

1

|S| ∑
(k,l),Sk,l=1

min
(i,j),Oi,j=1

δ((i, j), (k, l))
⎫⎬⎭

, (11)

where |O| = ∑i,j|Oi,j| and |S| = ∑i,j|Si,j|.

3.3.2.2. Other Performance Measures

The following performance measures are grouped together, as they are not directly related to computing the

distances between individual pixels, but are related to the cost of matching whole sets of flooded pixels.

3.3.2.2.1. Procrustes Analysis

Procrustes analysis (Gower, 1975) is a shape alignment method, comparing two shapes by removing differences

in position, size and orientation. It aims to find an optimal transformation (scaling, translation and rotation)

betweenO and S, to minimize the sum of square differences between the transformed set of points, as illustrated in

Figure 8.

Analysis begins by standardizing O and S into two matrices M1 and M2, centered around their origins and

Tr(Mi ⋅ (Mi)T) = 1 with i ∈ {1; 2}. Then an optimal transformation represented by an orthogonal matrixQ and a

scaling factor c is determined using singular value decomposition. The objective is to minimize the quantity P2

calculated as:

P2 = de (M1,cM2Q), (12)

with de(O,S) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑Nx

i=1∑Ny

j=1(Oi,j − Si,j)2
√

3.3.2.2.2. Sliced‐Wasserstein Distance

The Wasserstein distance, derived from Optimal Transport, measures the minimal cost of moving mass to

transform one distribution into another, based on a defined cost of moving a unit of mass from one position to

another. For instance, Figure 9, shows the transport plan (where and how much mass to move from one pixel to

another) and the cost matrices for moving from an observed flood map to a simulated flood map.
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To compute the Wasserstein distance on 2D flood maps, we consider vec(O)norm,vec(S)norm ∈ [0,1]N the vec-

torization of O and S normalized such that ‖vec(O)norm‖1 = 1 and ‖vec(S)norm‖1 = 1 (e.g., blue and brown

histograms in Figure 9). We define a matrix of cost C ∈ R
N ×N , defined as Ci,j = δ(i, j), representing the cost of

moving mass from pixel i to j in O and S respectively; here, i and j refer to two pixel centers, while δ is the usual

Euclidean distance in R2 as in Equation 10 as illustrated in the middle of Figure 9. Then, a possible performance

measure is the 2‐Wasserstein distance:

W2(O,S) = (min
γ∈Π

< γ,C>)1/2 = (min
γ∈Π

∑N
i=1

∑N
j=1

γi,jCi,j)1/2. (13)

with Π = {A ∈ [0,1]N ×N
∣∑N

i=1∑N

j=1Ai,j = 1,A1 = vec(O)norm,AT1 = vec(S)norm} the optimal transport plan

(on the right in Figure 9) and 1 ∈ R
N the vector of ones. However, numerically computing Equation 13 is costly.

To reduce the computational burden, we consider the Sliced‐Wasserstein distance (Bonneel et al., 2015) as a

practical alternative to Equation 13. It is a Monte Carlo approximation of W2 obtained from K 1D projections

chosen randomly. Each pixel of the 2D flood maps is projected onto a 1D line (a direction along the unit circle),

making computation of the Wasserstein distance faster by reducing the dimensionality of the cost matrix from

N × N to N. In this study, the number of projections arbitrarily fixed at K = 1,000.

Figure 9. Visualization of the cost matrix and of the optimal transport plan to transform a simulated flood map into an

observed flood map.

Figure 8. Optimal transformation between two schematic flood maps achieved by translating, rotating, and scaling the

simulated flood map (brown contour).
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3.3.2.2.3. Normalized Mutual Information

Normalized Mutual Information (NMI) (Studholme et al., 1999) was developed for automating medical image

alignment by measuring the content of information in images, using information theory. NMI is computed using

the entropy (quantifying the amount of information) of the two flood map histograms and also their joint his-

tograms. Figure 10 shows an illustration of these histograms and related entropies for a simple case. For instance,

the green bar on the joint histogram represents the number of pixels classified as dry in both O and S. The more

redundant information an image contains (e.g., uniform background), the lower its entropy.

NMI can be formulated as follows:

NMI(O,S) = H(O) + H(S)
H(O,S) , (14)

where H(O) = −∑c

i=1pi log(pi) represents the Shannon entropy for matrix O, with c the number of classes (2

with flooded and dry pixels) and pi the probability of class i.

H(O,S) = −∑c

i=1∑c

j=1pi,j log(pi,j) with pi,j the joint probability between classes i in O and j in S.

3.3.2.2.4. Fraction Skill Score

The Fraction Skill Score (FSS) (Roberts & Lean, 2008) was introduced in meteorology to evaluate the perfor-

mance of spatial forecasts. It compares the spatial patterns of a forecast and an observation, taking into account of

the scale of the features. The FSS is based on a neighbor approach, in which the neighborhoods of simulated and

observed pixels are compared. For every grid point, the number of flooded pixels within a window of size n

around it over the total number of pixels in the window (n2) is computed. From this process, 2D fraction fields are

created for the observed and simulated flood maps called, respectively,On and Sn, as illustrated in Figure 11, with

n = 3. The mean square error (MSE) for the observed and simulated fractions of a neighborhood of length n is

given by:

MSEn =
1

Nx ⋅Ny

∑Nx

i=1
∑Ny

j=1
[On

i,j − Sn
i,j]2 (15)

The worst possible MSE between a simulation and an observation is calculated as:

Figure 10. Histograms and calculated marginal and joint entropies for two (observed (O) and simulated (S)) schematic flood

maps. In this case, the Normalized Mutual Information equals 1.41.
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MSEn(ref ) =
1

Nx ⋅Ny

∑Nx

i=1
∑Ny

j=1
[(On

i,j)2 + (Sn
i,j)2] (16)

Then, the FSS for each grid level is calculated as:

FSSn = 1 − MSEn

MSEn(ref )
(17)

In the present study, FSS scores were computed for different levels n ∈ {1; 3; 5; 7}.

4. Numerical Illustration of the Methodology

The proposed methodology for selecting a performance measure was tested on the flood model and satellite

observation described in Sections 3.1 and 3.2, respectively for the performance measures summarized in Tables 2

and 3. For the flood model, we considered a random sample of 4,000 simulations generated from 4,000 values of

the 92‐dimensional parameter field (the floodplain friction in Figure 4). The random parameter values were

generated independently, using the distributions provided in Table 1. The number of M = 4,000 model evalu-

ations was considered satisfactory to obtain converged statistics for all performance measures (see Appendix B).

Each simulation cost 18 hr to compute T = 13 days of physical time on an Intel(R) Xeon(R) Platinum 8260 CPU

at 2.40 GHz.

4.1. Correlation Analysis

First, the correlations between the performance measures were evaluated by computing L(O,S(ωm)). The scatter
plots in Figure 12 provide a comprehensive view of the pairwise relationships between the geometric performance

Figure 11. Visualization of the observed and simulated flooded fractions maps from schematic flood maps for a window of

size 3 × 3.
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measures; scatter plots for the pixel‐to‐pixel performance measures are presented as Supporting Information S1.

On the diagonal, the probability distribution of each performance measure was plotted, and the pairwise re-

lationships between performance measures are off the diagonal. The linear correlations between each pair of

measures were evaluated on Pearson correlation coefficient (from−1 for a perfect negative linear relationship to 1
for a perfect positive relationship, and 0 for no linear relationship), written in red in the Figures for each pair of

performance measures. Linear relations existed between some performance measures, such as NPV, Fβ=2, and

F<3>, or between PPV, F<4>, and ACC, for the pixel‐to‐pixel performance measures. For the geometric per-

formance measures in Figure 12, the FSS values for different window sizes are correlated almost linearly. Then,

from these linear correlations, the number of performance measures in the analysis could be reduced, since, when

performance measures correlate linearly, one measure can be deduced from the other. However, in this study, the

correlations were not used directly, and all the performance measures were evaluated for the various criteria.

Although, the performance measures may correlate in this data set (comparing O and S(ωm)), this does not

guarantee that the correlation will hold for evaluation of the performance measure with variations in the flood

maps (shifted, translated, and so forth.). For instance, in Section 4.4, PPV is not sensitive to noise errors, whereas

F<4> is, despite the fact that they correlate for parameter variations. Additional analysis of the correlations is

discussed in Appendix C. We can also note, on the diagonal of the scatter plots, that the probability distributions

of the performance measures are unimodal. Consequently, optimal parameter values exist: a single value for most

performance measures, and 2 values for dH and dMH (with a two‐peak “bimodal” distribution).

4.2. Criterion 1: Sensitivity to Magnitude Errors

4.2.1. Simulated Flood Maps

Water depth distributions were computed for the 4,000 simulations, and we generated a simulated flood map

thresholded for the various quantiles of the distributions. An example of flood map generation with two thresholds

for one of the simulations can be found as Supporting Information S1. The results of the magnitude errors

experiment on the simulated flood maps are shown in Figure 13, with red boxes around three specific performance

measures with distinct behaviors to guide the analysis (FPR, ACC, and P2).

Figure 12. Scatter plots for geometric performance measures when evaluating the reference flood map with 4,000 simulated

flood maps, with r being the Pearson correlation coefficient.
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Figure 13. Box‐plots of the evaluation of pixel‐to‐pixel and geometric performance measures for magnitude errors on 4,000

simulated flood maps. The reference flood maps extracted for a reference threshold (50th quantile) were compared to maps

extracted with thresholds varying from the 10th to the 90th quantile of simulated water depths. Red boxes highlight

performance measures with distinct behavior.
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To pass the test, the quantity |L(Sh50 (ωm),Shl (ωm)) − L(Sh50 (ωm),Sh50 (ωm))⃒⃒ was expected to increase when

|l − 50| increased. The optimal value of each performance measure was considered as L(Sh50 (ωm),Sh50 (ωm)) , as
it is not always equal to zero. For instance, the ACC performance measure matches this, since

L(Sh50 (ωm),Shl (ωm)) becomes increasingly distant from its optimal value with increasing error. FPR did not pass

the test, as it was insensitive for quantiles hl > h50 corresponding to smaller floods compared to the reference map.

Another behavior emerged for some performance measures, such as P2, for which the numerical evaluation was

not symmetric between negative and positive errors and tended to favor larger floods with higher values.

On our criterion, some performance measures failed the test. FPR, TPR, PPV, and NPV were not sensitive to

increasing errors in flood extent for larger or smaller floods compared to the reference optimum. These results

align with the definitions of these performance measures, which aim to minimize errors for either flooded or dry

areas but not for both simultaneously. The other performance measures were sensitive to both smaller and larger

floods, and can be considered as meeting the criterion. However, like P2, other performance measures (Fβ, CSI,

F<3>, and FSS) were unbalanced, being more sensitive to the magnitude test for smaller or larger floods.

4.2.2. Observed Flood Maps

Application of this criterion to the observation described in Section 3.1 is shown visually in the Supporting

Information S1. The behaviors associated with threshold errors were consistent with those observed for the

criterion for the simulated fields. Similarly to the test on the simulated fields, threshold errors corresponded to

magnitude errors. Flood extent was smaller in the observed flood maps than in the reference map when a negative

threshold was applied and larger with a positive threshold.

4.3. Criterion 2: Sensitivity to Displacement Error

4.3.1. Translation Error

The results of the translation error experiment in the study case are shown in Figure 14. Special attention was paid

to FPR, ACC, P2, and dH , shown in red boxes, to focus on the distinct behavior of the performance measures of the

experiment. The box‐plots are ordered by increasing distance from the reference simulated fields. Performance

measures passed the test if, on visual inspection, the trend was for monotonous decrease with respect to the

reference values. While FPR and ACC deviated linearly from the optimal values with distance, dH , and P2 were

insensitive to certain translations. dH had a constant value for any translation, and P2 did not deteriorate for

westward translation. Most performance measures (such as FPR and ACC) respected the criterion with better

scores for shorter distances, exhibiting 3 distinct steps depending on whether they were translated by 1, 2, or 3

pixels. W2, dH , and P2 also failed the criterion, because of their non‐monotonous behavior with increasing/

decreasing distance.

4.3.2. Rotation Error

The results of the rotation error experiment are shown in Figure 15, with B and W2 shown by red boxes repre-

senting all the behaviors of the test. The Sliced‐Wasserstein distance W2 met the criterion, since the value of

L(S(ωm),Sθ (ωm)) deviated from its optimal value of zero with increasing rotation angle. All the performance

measures had similar behaviors of increasing rotation error, except for bias B. L(S(ωm),Sθ (ωm)) was not

monotonous with increasing rotation error, oscillating around its optimal value of 1 for rotation angles of 1° to 5°.

dH , P2, and W2 were rejected by the criterion for translation error and B by the criterion for rotation error.

4.4. Criterion 3: Sensitivity to Noise

Results of the noise error experiment were analyzed for a kernel size of 9 with s ∈ {0.1,0.2,… ,2.9,3.0}
(Figure 16). Special attention was paid to FPR, B, dH , and P2, highlighted with red boxes in the Figure, as they

represent all the observed behaviors. P2 showed a strictly monotonic trend with respect to the standard deviation.

This is the expected behavior, since greater standard deviations mean that the observations are more noisy (more

smoothing on pixel values) with respect to the reference. FPRwas insensitive when s is lower than 0.5, failing the

noise criterion as it could not detect the optimal maps (with the lowest noise) due to identifiability issues in these

regions. The same issue arose for dH , with jump discontinuities and identifiability problems at the various steps.
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Figure 14. Box‐plots of the evaluation of pixel‐to‐pixel and geometric performance measures for translation errors on 4,000

simulated flood maps. The reference flood maps were compared to translated maps (1–3 pixels in the north (N), northwest

(NW) and west (W) directions). Red boxes highlight performance measures with distinct behavior.
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Figure 15. Box‐plots of the evaluation of pixel‐to‐pixel and geometric performance measures for rotation errors on 4,000

simulated flood maps. The reference flood maps were compared to rotated maps (−10°–10°). Red boxes highlight

performance measures with distinct behavior.
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Figure 16. Evaluation of pixel‐to‐pixel and geometric performance measures for noise errors on the observed flood map. The

reference flood map was compared to maps noised with a Gaussian filter with standard deviation varying from 0 to 3. Red

boxes highlight performance measures with distinct behavior.
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Another phenomenon occurred for B, for which performance was not monotonous with increasing standard

deviation, consequently, maps with different noise levels exhibited the same value, which is not advisable. For

this criterion, FPR, and PPV were rejected because they were not sensitive to low noise levels, B because it was

not monotonous, and dH due to jump discontinuities.

4.5. Criterion 4: Computation Time

Computation time was assessed for L between two flood maps O and S. The performance measures were

calculated on Intel(R) Xeon(R) Platinum 8260 CPU at 2.40 GHz processors (Cascade Lake). The performance

measures based on a confusion matrix were fast to compute as they are based on simple element‐by‐element

comparison of matrices (0.09 s). Cost differed between the others: FSS performance measures were costly

(835 s) to calibrate a model on an iterative optimization approach, while, for the others, cost was low (3.00 s for

dH , 2.88 s for dMH , 2.38 s forW2, 16.32 s for P
2, and 0.67 s for NMI), except perhaps P2 for special applications.

In this study, FSS did not meet the criterion, and P2 only partly met it, but this may have been due to inefficient

optimization of the implementation or to the choice of algorithm to compute the performance measures.

4.6. Summary of the Selection Phase

The performance measures were evaluated for each criterion and are summarized in Table 4. The number of

performance measures was reduced from 24 initially to 7, 17 being rejected for at least one of the criteria. The

performance measures meeting all criteria are PSS, ACC, MCC, F<4>, κ, dMH , and NMI. The number of adapted

performance measures is reduced. However, for calibrating or validating simulations with observations, the ideal

is to have the fewest possible number of performance measures even in a multi‐objective algorithm. As F<4> and

ACC are linearly correlated (see Section 4.1), the ACC performance measure was excluded from the following

analysis.

4.7. Ranking Performance Measures

The ranking process was tested on the 6 remaining performance measures. The flood maps were generated for

thresholds σ0 varying between −20 dB and −26 dB. For all performance measures, the nmax values were

calculated. A rank‐order emerged, with differences in nmax values: 60 for PSS, 76 for F
<4>, 95 forMCC, 96 for κ,

and 100 for both dMH , andNMI. κ,MCC,NMI, and dMH were the most robust with regard to errors in flood extent,

and seemed more adequate for uncertain observations. For instance, for NMI, the same simulated map was

optimal for the 100 uncertain observed flood maps. For two of the uncertain flood maps, the optimal simulated

map for this performance measure was compared with the observations (Figure 17). The NMI value was higher

when comparing the best simulation with the observed flood map extracted with σ0ref = −20 dB.

Table 4

Summary of the Metaverification Process for Pixel‐To‐Pixel and Geometric Comparisons

Pixel‐to‐pixel FPR TPR PPV NPV PSS ACC β = 1 β = 1.5 β = 2 MCC B CSI F<3> F<4> κ

Magnitude × × × × ✓ ✓ ∼ ∼ ∼ ✓ ✓ ∼ ∼ ✓ ✓

Translation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Rotation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓

Noise × ✓ × ✓ ✓ ✓ ✓ ✓ ✓ ✓ × ✓ ✓ ✓ ✓

Time ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Geometric dH dMH P2 W2 NMI FSS1 FSS3 FSS5 FSS7

Magnitude ✓ ✓ ∼ ✓ ✓ ∼ ∼ ∼ ∼
Translation × ✓ × × ✓ ✓ ✓ ✓ ✓

Rotation ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Noise × ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Time ✓ ✓ ∼ ✓ ✓ × × × ×

Note. × = rejected by the criterion, ✓ = accepted by the criterion, and ∼ = in between.
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For the 100 observed flood maps, the simulation most often identified as close to observation differed between

NMI, MCC, κ, and dMH . The corresponding simulated maps are compared in Figure 18, with visualization of the

simulated map for NMI and the difference in pixel values for the four performance measures in two zones of the

study area where the front of the flood propagated.

The differences in the Figure are subtle, but, depending on the performance measure, the front of the flood in these

two zones propagates over longer or shorter distances. For instance, in the 2 subdomains, front propagation was

greater for the chosen simulated flood map for κ againstMCC. Then, selecting performance measures may enable

better representation of the flood in certain areas, which implies taking account of the economic/environmental

priorities of the decision makers ‐ one of the factors for the goodness of a simulation according to Murphy (1993).

5. Example of Calibration, and Discussion

After applying the methodology to a real flood event using a given flood model and one satellite observation, we

provide an example of simple “calibration” of the model with one of the selected performance measures, and then

discuss the methodology.

Figure 17. Comparison of the best simulation for Normalized Mutual Information (NMI)with observed flood maps extracted

with two thresholds: σ0ref = −20 dB corresponding to NMI = 1.07 (left), and σ0ref = −26 dB corresponding to

NMI = 1.05 (right).

Figure 18. Optimized simulated flood map for Normalized Mutual Information (NMI) on the left, and comparison of the

pixel values in two zones between four performance measures: Modified Hausdorff distance (dMH), Cohen's kappa (κ),
Matthew's correlation coefficient (MCC), and NMI.
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5.1. Calibration Example

As an illustration, the friction parameter in the seven largest subdomains was calibrated using one of the highly

ranked performance measures, namely NMI. In Figure 19, the distribution of the friction parameter (Strickler

values) for the 10% best simulations with respect to the NMI performance measure value is plotted against the

initial reference distribution of the parameter for the 4,000 simulations. Comparison of simulations with obser-

vations on NMI indicated that the friction parameter was more likely in the upper zone of the prior distribution in

subdomains 1 and 2. With the prior distribution of the Strickler values, the water depths in these subdomains are

likely to be overestimated and the velocities underestimated (based on this observation). In contrast, in sub-

domains 4 and 5 the posterior distributions indicated that NMI was optimized for lower Strickler values. Using

this performance measure, it is possible to infer the distribution of friction in these subdomains and improve the

forecasting capacity of the model by automatic data assimilation, to calibrate the model based on observation.

While Figure 19 provides probability distributions of the parameter value in 7 subdomains for the best‐performing

simulations for NMI, it would also be useful to examine the optimal parameter values for the other selected

performance measures and subdomains. Thus, Figure 20, shows the parameter fields forMCC, NMI, κ, and dMH .

The difference between the mean value of the parameter distribution for the best simulations and the mean value

of the initial probability of the parameter field is shown for each performance measure. However, since the mean

does not fully capture the characteristics of the entire probability distribution, we include complementary results

in the Supporting Information S1 for the 10% and 90% quantiles of the distributions.

For the four performance measures, variations in the parameter field were consistent in almost all subdomains. For

instance, optimal Strickler for the four performance measures was higher than the mean of the initial parameter

Figure 19. Calibration of 7 subdomains using Normalized Mutual Information by comparing the initial distribution of the

friction Ks (on the 4,000 samples) with its posterior distribution for the best‐performing simulations.
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value in subdomain 2,where, for all performancemeasures, the initial range of Strickler valueswas underestimated,

leading to an overestimation of water depth and lower velocity, which could underestimate the simulated flood

extent. However, dMH behaved differently in subdomains 4 and 7: in subdomain 4, it was optimized for higher

Strickler values, unlike the other performance measures, whereas conversely, in subdomain 7, dMH was optimized

for lower Strickler values compared to the other performance measures. Thus, if dMH is chosen to calibrate this

flood model, water depth will be lower in subdomain 4 and higher in subdomain 7 compared to the other per-

formancemeasures. The parameter field for dMH is more similar to that ofNMI compared to the other performance

measures. This similarity can be attributed to a stronger correlation between dMH and NMI. The Figures in the

appendices highlight the same phenomena at the 10th and 90th quantiles of the distributions.

5.2. Discussion and Limitations

The proposed methodology aims to provide a unified workflow for the practitioner to test performance measures

using both pixel‐to‐pixel or geometrically based comparison. The criteria for the selection process were based on

a literature review, hydraulic processes and satellite observation characteristics, but may not represent all factors

for comparing a flood model against satellite observations. For instance, Landwehr et al. (2024) proposed several

tests to quantify the impact of pixel sampling strategies on performance measures in imbalanced flood maps,

where a disparity exists between flooded and dry pixels. Similarly, Pappenberger et al. (2007) and Stephens

et al. (2014) examined the properties of pixel‐to‐pixel performance measures, focusing on their sensitivity to grid

resolution and the influence of topography. These additional tests could be used to guide initial selection of the

pixel‐to‐pixel performance measures, but are not adapted to geometric performance measures. However, the

present study aimed to provide a comprehensive methodology to compare flood maps suited to any performance

measure, whether pixel‐to‐pixel or geometric. Geometric performance measures could be useful for comparing

flood maps, and should be assessed (Stephens et al., 2014); new ones have been recently reported such as the FSS

for comparing flood maps (Hooker et al., 2022, 2023).

Pappenberger et al. (2007), Stephens et al. (2014), and Hooker et al. (2022) highlighted that the CSI perfor-

mance measure (commonly used in the literature) leads to overestimation of flooded areas. This is consistent

Figure 20. Difference between mean Strickler values within the 10% best simulations, and the mean of all Strickler values (in

the 4,000 samples) for 4 performance measures.
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with the results of the magnitude error experiment in the Garonne test case. Using the present criteria and

ranking process, geometric performance measures such as Modified Hausdorff Distance and NMI were

promising candidates for comparing observed and simulated flood maps in the test case. Future research should

focus on evaluating geometric performance measures for comparing flood maps across a broader range of

scenarios. Similarly, for pixel‐to‐pixel performance measures, MCC and κ were reliable for comparing the

observed and simulated flood maps for the test case. Among the four performance measures, the pixel‐to‐pixel

performance measures were faster to compute, and MCC or κ may be preferable in this test case. However, it

could also be interesting to use more than one performance measure for multi‐objective calibration, since we

have seen that, for the best simulations, the front of the flood was slightly different depending on the per-

formance measure.

The present study used observed flood maps extracted with a single extraction procedure (local thresholding). It

could be investigated the impact of the extraction algorithm on the choice of performance measure, with the aim of

determining whether any adjustments should be made to the methodology to consider other extraction algorithms.

Local thresholding considers only unidirectional errors at a given time, whereas errors on flood delineation are

more complex. Furthermore, the simulated fields were interpolated on the observation grid, leading to represen-

tativity errors between the simulatedmesh and observed grid scales. An additional test may be needed for choosing

of the performance measure, depending on these scales and the differences induced by mapping from a triangular

mesh to a rectangular grid (Hooker et al., 2022). For the sensitivity to noise criterion, noise was considered uniform

over the whole image, but could be adapted, since the uncertainty of floodmapping fromSAR images is not always

spatially uniform: for example, vegetated or urban areas are sometimes mistakenly considered flooded, while such

errors are less likely in rural areas (Zhao et al., 2021). Instead of using a Gaussian filter that assumes spatially

correlated noise, alternative noisemodels could be explored. Anothermeans of adding relevant criteria would be to

take account of the other two considerations referred to by Murphy (1993): practitioners' judgments of the sim-

ulations, and criteria on the economic/environmental priorities of the decision‐makers.

Finally, the methodology is tailored to find a performance measure to compare an observation with a simulation,

using a single scalar value for the whole domain. In optimization studies, practitioners may be more interested in

obtaining local information to improve the spatial parameterization of theirmodel. Choice of performancemeasure

may be considered for local scales, rather than thewhole image directly. For instance, theW2 performancemeasure

was rejected because of random projections on the grid, but may be more robust with other projections (e.g., along

cross‐sections of the river). Also, for comparison of the whole image, some performancemeasures were not tested;

in the literature, hundreds of performancemeasures are available and could be tested such as performancemeasures

based on fuzzy sets (Hagen, 2003) or feature‐based approaches (Gilleland et al., 2009).

Additionally, it was noteworthy that the value range of the box‐plots was narrow for most performance measures

in Figures 13–15. This shows that a variation in flood extent generated with different magnitude or translation

errors has greater impact than a change in the parameter field. The flood model used in this study was not very

sensitive to the parameter field values, and it could be useful to apply the methodology to more sensitive test

cases. However, as noted in Section 4.1, an optimal parameter field value exists for most performance measures.

In any case, the present objective was to propose a methodology for practitioners to select a performance measure.

Several performance measures were chosen, but practitioners are then free to test any other performance measure

through this selection process.

6. Conclusion and Perspectives

There are many performance measures for comparing spatial fields with different specificities and properties, and

the practitioner needs to be able to select the most reliable. The present study sets out a methodology to choose and

rank performance measures to qualify a numerical flood model against satellite observations, especially in the

case of extracted flood maps.

The methodology was applied to a study case for a flood event. The selection process highlighted that some

performance measures used in the literature meet more criteria than others. In the present study case, most

performance measures based on the confusion matrix were not equally sensitive to variations in flood extent, for

both smaller and larger floods. The other criteria did not eliminate many performance measures, but each test still

eliminated two or three. Analysis of the correlations showed that many performance measures were closely

correlated, thus further reducing the number of performance measures when some are redundant. Finally, the
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ranking process identified four performance measures (κ,MCC,NMI, and dMH) respecting the present criteria and

which were the least sensitive to observation errors in this test case. These four may not be the most suitable for

other test cases; so the present study focused on proposing a methodology guiding performance measure selection

in general.

To determine guidelines to generalize which performance measures should be used in a given context (e.g.,

depending on catchment or flood characteristics), the methodology should be tested on other flood events, hy-

drodynamic models, satellite observations; and flood map extraction procedures. The selection of a reliable

performance measure in a data assimilation framework or to verify 2D simulated fields against 2D observations is

essential, and we believe that taking time to analyze the choice of performance measure is important. In hy-

drology, with an increasing number of satellite missions, new data (e.g., water depth fields) become available for

comparison against simulations. In the future, a similar study could be conducted to develop a methodology for

selecting performance measures to compare observed and simulated water depth fields.

Appendix A: Extraction Procedure of the Flood Maps

Water and floods can be detected because open water surfaces have low backscattering values due to specular

reflection and high water permittivity (Ulaby, 1982). One way to extract a flood map with pixels classified as dry

or flooded is to determine a threshold that separates the two. A more straightforward approach is to utilize global

thresholding, assuming that backscattering values for both dry and flooded pixels follow a Gaussian distribution.

The best‐known approach for determining the optimum threshold is the Otsu algorithm (Otsu, 1979), used, for

instance by Schumann et al. (2009, 2010) and Pulvirenti et al. (2013). The algorithm maximizes the difference

between the intensity values of the two classes while minimizing intra‐class variance by iterating all possible

threshold values. It relies on assumptions such as Gaussian distribution, and class sizes and variances should be

both similar.

However, the bimodality of backscattering values is not always identifiable on the whole image, and the threshold

cannot be determined directly. To address the spatial variability of the threshold for detecting water, Martinis

et al. (2009), Twele et al. (2016), and Chini et al. (2017) proposed a split‐based approach using a local‐based

thresholding algorithm. Local thresholding is based on splitting the image into sub‐images with a bimodal his-

togram containing large portions of pixels belonging to flooded and dry classes (usually half water and half dry).

Then, local thresholds are estimated and combined to calculate an overall threshold for the observation, leading to

better results in flood extent detection compared to a global thresholding approach. Implementation in the present

study was based on Chini et al. (2017). They used quad‐tree decomposition on the satellite images and combined

representative tiles with bimodal Gaussian distributions that contained at least 10% pixels of each class. The

Ashman D coefficient, the Bhattacharyya coefficient and the surface ratio of the two classes were evaluated on

each tile to evaluate the bimodality of the histogram, the Gaussian nature of the distributions, and the balance of

each class. The Ashman D coefficient is formulated as:

AD(hist) =
̅̅̅
2

√ |μ1 − μ2|̅̅̅̅̅̅̅̅̅̅̅̅̅̅
s21 + s22

√ , (A1)

where μ1, μ2, s1, and s2 are the distribution means and standard deviations, respectively, and hist is the histogram

of the sub‐tiles. The separability of the Gaussian distribution is ensured for high values of AD, and the present

study and Chini et al. (2017) considered values above 2. The Bhattacharyya coefficient evaluating the similarity

of two distributions is formulated as:

BC(hist,hist f ) = ∑
k

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
hist(yk)√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

hist f (yk)√
, (A2)

where y is the measurements, and k is the bins of the two discrete histograms hist and hist f where hist f is the fitted

histogram of hist. For a good fit of the normal distributions on the measured histograms, BC should be greater than

0.99. Finally, the third condition is that the smaller class should represent at least 10% of the second class.
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Appendix B: Convergence of the Statistical Estimators

Let Y = {L(O,S(ωm))|1≤m≤M} ∈ R
M be a finite discrete random variable representing the values taken by L

between an observation andM simulations. The statistical distributions of Y are analyzed through their moments.

The first four moments (mean, standard deviation, skewness, and kurtosis) of the random variable are computed

for different numbers of simulations. Moments of order k are defined as:

mk = ∑M
m=1

L(O,S(ωm))kp(X = L(O,S(ωm))). (B1)

With a sampling‐based approach, estimators are approximated based on the available samples. To assess the

robustness and convergence of the estimators, the bootstrap method is used to determine confidence intervals of

the estimates. The number of bootstrap samples is set to 500 (after checking that the estimators confidence in-

tervals do not change with more bootstrap samples). Then, the number of samples needed to reach stable statistical

estimates is evaluated box‐plot analysis on the median and confidence intervals of the estimators. An example of

convergence analysis for ACC on the first fourth moment is available in the Supporting Information S1.

Appendix C: Correlation Analysis—Correlation Circle

Principal component analysis (PCA) is a dimensionality reduction technique that transforms the original vari-

ables, into a new set of orthogonal (uncorrelated) variables called principal components, which capture the

maximum variance in the data. The variations of the performance measures for the first two principal components

can be visualized on a correlation circle, where the lengths of the vectors represent the correlation between the

variables and the principal components. Correlations between performance measures are more easily identified

visually than in scatter plots, by looking at the angle between each vector representing the correlation between the

variables. The correlations are visualized in the correlation circle in Figure C1 on the first two dimensions of the

PCA (explaining 95% of the variance).

Contributions to dimensions differ depending on the performance measure. Except for dH (red arrow in the

Figure), all the variables are strongly correlated with the first two principal components. Linear correlations on the

first two components can be identified by interpreting the angle between the arrows. To simplify visualization,

Figure C1. Correlation circle for the first two components of principal component analysis on the performance measures

calculated for the reference flood map against 4,000 simulated flood maps.
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closely correlated variables are shown with low variations in color: for example, NPV, Fβ=2, and F<3> are closely

correlated, as are PPV, F<4>, and ACC.

Acronyms

2D Two‐Dimensional

ACC Accuracy

B Bias

CSI Critical success index

FN False Negative

FP False Positive

FPR/F False positive rate/Precision

FSS Fraction Skill Score

Fβ Fβ‐score

F<4> Measure of fit

IGN French National Institute of Geographic and Forest Information

MCC Matthews correlation coefficient

dH Hausdorff distance

dMH Modified Hausdorff distance

κ Cohen's Kappa formula

NMI Normalized Mutual Information

NPV Negative predictive value

PCA Principal Component Analysis

PPV Positive predictive value

P2 Procrustes analysis

PSS Peirce skill score

SAR Synthetic Aperture Radar

SGS Sequential Gaussian Simulations

TN True Negative

TP True Positive

TPR/H True positive rate/Recall

W2 Sliced‐Wasserstein distance

Notation

O Observed flood map

S Simulated flood map

ωm Sample of the parameter

X,Y Coordinates of the pixel centers
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L Performance measure

Nx, Ny Dimensions of the observed and simulated flood maps

N Total number of pixels

M Number of simulations

H Simulated water depth field

σ0 Backscattering intensity

σ0ref Reference thresholding value of the backscattering

τ Water depth thresholding value

s Standard deviation

θ Angle of rotation

Data Availability Statement

The openTELEMAC software suite is freely available on a Gitlab server with a track of all the de-

velopments, and a fixed branch for the v8p5 version used in the present study (https://gitlab.pam‐retd.fr/

otm/telemac‐mascaret/‐/tree/v8p5r0?ref_type=tags). For model construction, topographic data (for the

Gironde and Lot‐et‐Garonne administrative départements) can be downloaded at https://geoservices.ign.fr/

rgealti. For the land use data from 2018, the data set is available in a public catalog from the European

Environment Agency (European Environment Agency, 2020). The hydrometric data at Tonneins, Mar-

mande, and La Réole can be extracted from a public database (https://www.hydro.eaufrance.fr/rechercher/

entites‐hydrometriques) for stations O900001002, O909001001, and O919001001 respectively. The satellite

observation used in the present study is available on ASF Data Search Vertex under scene name

S1B_IW_GRDH_1SDV_20210202T175506_20210202T175531_025431_03077B_5B8F (https://search.asf.

alaska.edu/). The Python libraries used for evaluating the performance measures (scikit‐image, SciPy, Py-

thon Optimal Toolbox) are freely available (Flamary et al., 2021; van der Walt et al., 2014; Virtanen

et al., 2020).
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X - 2 :

Figure S1. Example of a simulated flood map (on the Garonne River) for two thresholds:

h20 = 0.001m (left), and h50 = 1.075m (right).
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Figure S3. Evaluation of pixel-to-pixel and geometric performance measures for magnitude

errors on the observed flood map. The reference flood map extracted for a reference threshold is

compared to maps extracted with thresholds varying by -5% to +5% around the reference value.
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Figure S4. Difference between 10th quantile Strickler values within the 10% best simulations,

and the 10th quantile of all Strickler values (in the 4,000 samples) for 4 performance measures.
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Figure S5. Difference between 90th quantile Strickler values within the 10% best simulations,

and the 90th quantile of all Strickler values (in the 4,000 samples) for 4 performance measures.
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Chapter 6

Calibration of roughness field in 2D

flood model with flood maps

assimilation

Résumé :

Les modèles d’inondation reposent sur des équations basées sur des processus physiques,
qui sont sujets à des incertitudes. L’une des principales sources d’incertitude est la
distribution spatiale du paramètre de rugosité, qui doit être calibrée pour aligner les
résultats simulés sur les données observées. Dans ce chapitre, le champ de rugosité est
calibré à l’aide de cartes d’inondation issues de l’imagerie satellite, assimilées avec des
techniques variationnelles. Dans ce cadre, une distance est nécessaire pour quantiőer
l’écart entre les cartes d’inondation observées et simulées. Ce chapitre étudie comment
les différentes mesures de performance utilisées inŕuencent le résultat de la calibration.
L’analyse est effectuée sur un cas réel sur la Garonne en France; évalué à la fois avec une
expérience jumelle et en utilisant des cartes d’inondation extraites d’images radars. Un
cas complémentaire utilisant une rivière méandrée schématique avec trois sous-domaines
de rugosité est étudié.

Abstract:

Flood models rely on physical process-based equations, which are subject to uncertainties.
One key source of uncertainty is the spatial distribution of surface roughness, which
must be calibrated to align simulated outputs with observed data. In this chapter, the
roughness őeld is calibrated using ŕood maps from satellite imagery, assimilated with
variational DA techniques. Within this framework, a distance is required to quantify
the discrepancy between observed and simulated ŕood maps. This chapter investigates
how different performance measures used in the variational DA framework inŕuence the
calibration outcome. The analysis is conducted on a real-world case on the Garonne River
in France, evaluated both through a twin experiment and using ŕood maps extracted
from Synthetic Aperture Radar observations. A complementary case using a schematic
meandering channel with three roughness subdomains is studied.
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6.1 Motivations

In order to reduce the uncertainty of hydrodynamic simulations, DA techniques can be
used for parameter calibration. This chapter focuses on inferring spatially distributed
roughness parameters by leveraging information extracted from satellite observations.
The main contribution of this chapter is to address the third research question introduced
in Chapter 1:

Research Question 3

Is it possible to calibrate ŕoodplain roughness in 2D hydrodynamic models using
uncertain satellite observations?

In Chapter 2, the importance of the roughness parameter in hydrodynamic modeling
was discussed, along with a literature review on satellite imagery and mainly how SAR can
be used to observe ŕoods from space. In Chapter 4, we highlighted how to process SAR
images to extract ŕood maps and evaluated the uncertainty in the processing pipeline
from raw images to the ŕood maps. These ŕood maps are used as observations in this
chapter to calibrate a 2D ŕood model. Moreover, we proposed in Chapter 5 a methodology
to select a performance measure to compare simulated and observed ŕood maps. In this
chapter, we evaluate the impact of these performance measures to assimilate the extracted
ŕood maps as explained in Chapter 4 to infer a spatially distributed friction őeld.

Section 6.2 presents the assimilation of ŕood maps using different performance mea-
sures, which is evaluated on a real-world case, the Garonne River ŕood event, both through
a twin experiment and using ŕood maps extracted from SAR observations. This section
is written in the form of a paper that is in preparation for submission. Then Section
6.3 presents the assimilation of ŕood maps using different performance measures in a 2D
ŕood model for a simple meandering channel conőguration. This section presents the
main results of this study on the schematic case. The associated paper can be found in
the appendix and is written in the form of a conference paper presented at the Telemac
User Conference.

6.2 Preprint in preparation

The following paper will be submitted to Computational Geosciences.
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ABSTRACT

This study explores the assimilation of uncertain flood maps derived from satellite observations into
a 2D hydraulic model to calibrate a spatially varying roughness parameter, which is divided into
subdomains. First, a sensitivity analysis is carried out to identify the most influential subdomains
for various performance measure. Afterwards, Data Assimilation, specifically the three-dimensional
variational method, is used on the reduced subset of parameters to calibrate the roughness field.
Different cost function formulations are considered using various performance measures to compare
the misfit between observed and simulated flood maps. Using synthetic and real observations, the
study evaluates how these measures influence the calibration of model parameters and flood prediction
accuracy. The application case is the Garonne River in France, where Synthetic Aperture Radar
satellite images were available during flood events. The results indicate that the choice of performance
measures in the cost function influences the calibration process. Furthermore, the study highlights
that the current precision of derived flood maps is not sufficient for calibrating floodplain roughness.

1 Introduction

Flood simulations commonly rely on two-dimensional (2D) hydrodynamic models based on Shallow Water Equations
(SWEs). These models must be carefully calibrated and validated using historical flood events to ensure accurate
forecasting. Calibration involves adjusting model parameters to ensure that the simulated outputs match the observational
data. Among these parameters, roughness coefficients, often expressed via the Strickler or Manning coefficients in
operational flood studies, are crucial. These coefficients are frequently poorly known a priori, especially in floodplain
areas. In operational contexts, model calibration is often performed through trial-and-error methods, using point-based
measurements, such as time series from stage-gauging stations. However, these measurements are spatially sparse, with
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missing information between the point-wise measurements. In the absence of observations in floodplains, roughness
coefficients are typically prescribed by delineating homogeneous subdomains based on land use and assigning tabulated
values from the literature (Barnes, 1967; Chow et al., 1988). This approach may oversimplify spatial variability and
introduces uncertainty into flood predictions.

To overcome this limitation, spatially distributed data from remote sensing, such as 10 m resolution data from the
Sentinel-1 satellite mission, provide new information for model calibration. The increasing availability of satellite
missions now allows capturing "photographs" of the Earth during flood events. The satellite images can be leveraged
to extract flood-related information that is difficult to obtain through in-situ measurements, including flood maps and
water depth fields (Hostache et al., 2010). In particular, Synthetic Aperture Radar (SAR) imagery is now commonly
exploited to derive flood maps, even under cloudy conditions (Grimaldi et al., 2016; Schumann et al., 2023). Flood
maps can be combined with Digital Elevation Models (DEMs) to infer water depth fields. However, this process
is prone to significant errors, on the order of meters, even when high-resolution DEMs are used (Oberstadler et al.,
1997; Brakenridge et al., 1998; Cohen et al., 2018; Betterle and Salamon, 2024; Travert et al., 2025b). To reduce
the uncertainties in water depth estimation, additional steps are often required. For instance, Hostache et al. (2009)
introduced additional assumptions based on terrain characteristics and flow motions to constrain water depth estimation.
Schumann et al. (2007, 2008) proposed a Regression and Elevation-based Flood Information eXtraction model (REFIX)
to estimate water depth on cross-sections, considering a flat surface and regression techniques. However, assimilating
flood maps is the most direct approach as it avoids introducing additional uncertainties deriving water depths (Cooper
et al., 2019). Various mature techniques have been developed to extract flood maps from optical and SAR imagery
(Chini et al., 2017; Otsu, 1979; Clement et al., 2018; Grimaldi et al., 2016) even if the processing of SAR images to
generate flood maps is still subject to uncertainties (Schumann et al., 2008; Travert et al., 2025b).

Data assimilation offers a framework for optimally combining uncertain model outputs and observations (Carrassi
et al., 2018). In particular, variational data assimilation has been successfully applied to estimate spatially distributed
parameters in 2D flood models using remotely sensed data (Roux and Dartus, 2005; Lai and Monnier, 2009; Hostache
et al., 2010; Lai et al., 2014; Larnier and Monnier, 2023). Variational data assimilation minimizes a cost function that
measures the discrepancy between model outputs and observations, weighted by their respective uncertainties. One
of the challenges in assimilating flood maps is selecting a suitable performance measure to quantify the discrepancy
between the flood maps and model outputs (Lai et al., 2014; Dasgupta et al., 2021; Travert et al., 2025a). While for
water depth fields assimilation the observed and simulated water depths are usually compared point to point weighted
by their uncertainties (Matgen et al., 2010; Lai and Monnier, 2009; Hostache et al., 2010), flood maps, which are
matrices of pixels with binary values (zeros and ones), can be more effectively compared to simulations using alternative
performance measures.

In this study, a variational data assimilation framework was used to calibrate spatially varying roughness coefficients
in a 2D flood model of the Garonne River in France, using flood maps derived from SAR observations. The impact
of different performance measures on the calibration process is quantified, as well as the uncertainty introduced by
observation errors. Travert et al. (2025a) proposed a methodology to select reliable performance measures for comparing
simulated and observed flood maps. Based on this study on the same study area, we selected four performance measures,
with two of them considered as suitable namely Cohen’s Kappa formula and the modified Hausdorff distance, and two
that were rejected by the methodology namely , the critical success index and Procrustes analysis. The methodology
is validated through a twin experiment and then applied to real observations extracted during a flood event event on
the Garonne River in France in February 2021. Before data assimilation, a global sensitivity analysis is conducted to
identify the influential parameters and reduce the dimensionality of the inverse problem.

The paper is organized as follows. Section 2 presents the study area, the hydrodynamic model, and the available
observations. Section 3 describes the calibration framework, including sensitivity analysis and data assimilation using
multiple performance measures. Section 4 reports the results of the sensitivity analysis, and Section 5 reports the results
of the data assimilation step for both synthetic and real observations. Section 6 presents a discussion of the results and
limitations of this study. Finally, Section 7 reports conclusions and perspectives.

2 Study area and material

This section presents the mathematical model governing the hydrodynamic evolution of two-dimensional free surface
flows, along with the parameters that require calibration. Additionally, it introduces the observed flood maps used for
calibrating the flood model. These flood map observations are derived from either a twin experiment or real satellite
image observations.

2
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2.1 Study area

In this work, the study area is a segment of the Garonne River in France of approximately 50 kilometers long, between
the towns of Tonneins and La Réole (see Figure 1). The river reach width under typical flow conditions is approximately
250 meters, and the surrounding floodplain ranges in width from 1 to 4 km. The floodplains are mainly rural, consisting
of agricultural lands and vegetated zones with limited urban development. Multiple dikes, installed following a
significant flood event in 1875, protect urban settlements and infrastructure along the river. This segment of the Garonne
River has been flooded multiple times and assessed in several flood modeling studies (Besnard and Goutal, 2011;
Nguyen et al., 2022). This work builds upon prior investigations to calibrate and validate the numerical simulations.

0.1°W

0.1°W
Roughness subdomains

Figure 1: Study area on the Garonne River in France with the colored subdomains representing the roughness zones.

2.2 Satellite imagery

During February 2021, a flood event occurred on the Garonne River in France. The Sentinel-1 C-band Synthetic
Aperture Radar (SAR) satellite mission acquired two observations of the study area. The SAR images were acquired
on February 2, 2021, at 17:56 UTC, and on February 3, 2021, at 17:48 UTC. The ªGround Range Detectedº (GRD)
products were downloaded from the ASF Data Search Vertex portal (https://search.asf.alaska.edu/). In this
study, the V H (vertical transmit, horizontal receive) polarization channel was used. The raw images consist of Nx×Ny

pixel grids, with a spatial resolution of 10× 10 m. Each pixel represents the backscattering coefficient (σ0), which is
proportional to the ratio of the radar energy received by the antenna to the energy transmitted. Flat water surfaces usually
have low backscattering intensity due to specular reflection, making them easily distinguishable in SAR imagery.

2.3 Hydrodynamic model

The flood dynamics is modeled using the two-dimensional Shallow Water Equations (SWEs), presented in (1)±(3).
These equations model the water flow over the domain Ω of Figure 1 equipped with Cartesian coordinates, assuming a
uniform gravitational field −g−→ez , and are written as:

∂h

∂t
+

∂(hu)

∂x
+

∂(hv)

∂y
= 0, (1)

∂(hu)

∂t
+

∂(hu2)

∂x
+

∂(huv)

∂y
= −gh

∂η

∂x
+∇ · (h νe∇u)−

1

ρ
τbx, (2)

∂(hv)

∂t
+

∂(hv2)

∂y
+

∂(huv)

∂x
= −gh

∂η

∂y
+∇ · (h νe∇v)−

1

ρ
τby. (3)

The system unknowns are the water depth h = η − zb ≥ 0, where η and zb are the free-surface and bed elevations
respectively, and the depth-averaged horizontal velocities u = [u, v]. The latter functions are computed as solutions

3
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Figure 2: Measured discharge at the gauging stations (Tonneins, Marmande, and La Réole) and Sentinel-1 (S1)
acquisition times during the February 2021 flood event.

to (1)±(3) when t ∈ [0, T ) and (x, y) ∈ Ω completed by conditions at t = 0 and wet boundaries ∂Ω ∩ {h > 0}. The
effects of dispersion and diffusion are incorporated through a constant viscosity νe = ν + νt, which includes the
kinematic viscosity (ν), the eddy viscosity (νt). The bed shear stress vector τ , with components τbx and τby along the
Cartesian coordinates (x, y), represents the bed resistance to the flow. The bed shear stress is modeled as a function of
h, u, and v to close the system, and is often written as:

τb =
1

2
ρCfu

√

u2 + v2, (4)

where Cf is a non-dimensional friction coefficient determined with empirical or semi-empirical formulations (Morvan
et al., 2008). In the present study, the Manning-Strickler formula (Manning et al., 1890) is used to model the friction
coefficient, such that:

Cf =
2g

K2
sh

1/3
, (5)

where Ks is the Strickler coefficient. The Strickler coefficient is assumed to be independent of time during flood events,
but is considered dependent on (x, y) and requires calibration.

Equations (1)-(3) complemented with boundary conditions are solved with TELEMAC-2D (T2D) (Hervouet, 2007),
which is part of the openTELEMAC numerical platform (www.opentelemac.org). The TELEMAC-2D solver uses a
continuous, piecewise-linear finite element method based on an unstructured triangular mesh. Advection of velocity and
water depth is computed using the N edge-by-edge and Positive Streamwise Invariant Distributive schemes, respectively.
The wetting and drying of the mesh elements is handled through a corrected computation of the free surface slope
(Hervouet, 2007).

In this study, the T2D model uses a triangular mesh composed ofN = 41, 416 nodes. The mesh resolution ranges from
40 m in the river channel to 80 m near levees and up to 150 m in floodplain areas. Bathymetry within the channel was
reconstructed using 70 cross-sectional elevation profiles, while the floodplain topography was derived from IGN (the
French National Institute of Geographic and Forest Information) data and aerial imagery. A detailed description of the
model setup is available in Besnard and Goutal (2011).

Initial conditions at t = 0 were set using a steady-state simulation corresponding to an upstream discharge of
2, 300m3/s. The upstream boundary condition applied during the simulation was a time-dependent discharge curve
measured at Tonneins (see Figure 2). Downstream, at La Réole, a rating curve was used to relate water depth to
discharge. The flood event is simulated from the 25th of January 2021 to the 8th of February 2021.

The Strickler coefficient is piecewise constant across the subdomains. The riverbed was divided into three segments,
each with a fixed Strickler coefficient based on previous model calibrations (Besnard and Goutal, 2011):

• Ks = 45m1/3/s between Tonneins and Mas d’Agenais,

• Ks = 38m1/3/s between Le Mas d’Agenais and Marmande,

4
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• Ks = 40m1/3/s between Marmande and La Réole.

In floodplains, the Strickler coefficient varies in space depending on the land use. The domain is divided into 92
homogeneous areas, classified according to land use from the 2018 Corine Land Cover dataset (https://land.
copernicus.eu/en/products/corine-land-cover/clc2018), as shown in Figure 1. Each land use class is
associated with a specific range of plausible Ks values. These ranges are based on expert judgment and literature
sources (Barnes, 1967; Chow et al., 1988). Table 1 reports the classical range of Strickler values used in 2D models in
operational studies.

Table 1: Strickler coefficient ranges for different floodplain land use categories.

Land use Strickler range (m1/3 · s−1)

Water bodies U(32.5, 37.5)
Fields and meadows without crops U(17.5, 22.5)
Croplands with low vegetation U(15, 20)
Croplands with tall vegetation U(10, 15)
Shrubland and undergrowth areas U(8, 12)
Low-density urban areas U(8, 10)
High-density urban areas U(5, 8)

2.4 Flood maps observations

In this study, two approaches were used to generate observed flood maps. First, synthetic observations were generated
from a twin experiment for a controlled reference simulation. In a second approach, the observations were generated
based on real SAR acquisitions described in Section 2.2. The flood maps observations are denoted as O ∈ {0; 1}Nx×Ny ,
i.e., matrices with entries in {0; 1} (0 corresponds to dry pixels and 1 to flooded pixels). The two approaches for
generating the flood maps are described in Sections 2.4.1 and 2.4.2.

2.4.1 Synthetic Observations from a Twin Experiment

Synthetic observations were generated using a reference Strickler configuration. For the channel, the reference values
are described in Section 2.3. For the floodplains, the means of the intervals listed in Table 1 were used. Flood maps were
then extracted from the reference simulation at two time points: February 2, 2021, at 17:56 UTC, and February 3, 2021,
at 17:48 UTC, corresponding to the acquisition times of the real satellite observations. The simulated water depths at
the two times of observation are projected on the reference grid of the satellite observations leading to H ∈ R

Nx×Ny

such that Hi,j equals the value of the finite element water depth at the center of the pixel (i, j). From this field, the flood
map is created by applying a threshold τ to the water depth values such that Oi,j = ✶Hi,j>τ . Typically, the threshold is
fixed to 10 cm, following Aronica et al. (2002). Figure 3 reports the two extracted flood maps generated with the twin
experiment.

2.4.2 Real Observations from Satellite Imagery

The second approach involves real satellite-derived flood maps. These maps are generated from Synthetic Aperture
Radar (SAR) imagery (as described in Section 2.2), which provides measurements of the radar backscatter intensity,
denoted σ0, for each pixel. The radar signal reflects differently off dry and flooded surfaces, allowing for classification.
First, the speckle (noise) present in the SAR images is reduced using a deep-learning-based approach called SAR2SAR
(Dalsasso et al., 2021). Then, using a local thresholding technique applied to the histogram of the SAR image, the
preprocessed SAR image is segmented into a flood map (Martinis et al., 2015; Twele et al., 2016; Chini et al., 2017).
According to Chini et al. (2017), the SAR images are decomposed into smaller sub-tiles to identify where the histogram
of pixel intensity values is bimodal, the distributions are normally distributed, and both classes (flooded and dry pixels)
are sufficiently represented. Then, a threshold σ0

ref is identified to separate dry from flooded pixels using an automatic

segmentation approach, such as Otsu’s threshold (Otsu, 1979). Pixels with σ0 < σ0
ref are classified as flooded. This

method is widely adopted in flood monitoring studies (Grimaldi et al., 2016; Landuyt et al., 2018; Schumann et al.,
2023) and is also used operationally by institutions such as the Joint Research Centre for generating the Global Flood
Monitoring product (Salamon et al., 2021). The flood maps extracted from the Sentinel-1 acquisition are reported in
Figure 4.

5



CHAPTER 6. CALIBRATION OF ROUGHNESS FIELD IN 2D FLOOD MODEL
WITH FLOOD MAPS ASSIMILATION 181

(a) (b)

(a) (b)

Figure 3: Synthetic flood maps observations generated with the twin experiment on the Garonne River using the
reference roughness configuration on (a) February 2, 2021, at 17:56 UTC, and (b) February 3, 2021, at 17:48 UTC.

(a) (b)

Figure 4: Flood maps extracted with the local thresholding method from Sentinel-1 acquisitions on the Garonne River
on (a) February 2, 2021, at 17:56 UTC, and (b) February 3, 2021, at 17:48 UTC.

3 Parameter estimation framework

Parameter estimation is a type of inverse problem, where unknown parameters are inferred from known outcomes such
as observations. In this study, the goal is to estimate the spatially distributed roughness field θ based on observed flood
maps yobs. Here θ is composed of the 92 floodplain subdomains described in Section 2.3, and yobs = [O1; O2] is
composed of two observed flood maps acquired at two distinct times. The parameter estimation problem is solved using
a two-phase strategy, illustrated in Figure 5 and described below:

• Phase 1: A sensitivity analysis is carried out to select the most influential parameters among the 92 roughness
parameters for each performance measure described in Section 3.2.3. The sensitivity analysis is based on
Sobol’s indices, which rank the parameters based on their contribution to the variance of the performance
measure evaluation, comparing model outputs to observed flood maps.

• Phase 2: After selecting the influential parameters, the data assimilation step aims to infer the values of the
selected parameters based on the available observations and background knowledge of the parameters. Using a
variational approach, parameters are updated to minimize a cost function, which combines a background term
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acting as a Tikhonov regularization (Tikhonov and Arsenin, 1977) and an observation term representing the
misfit between observed and simulated outputs.

Each phase is described in detail in Sections 3.1 and 3.2.

Background knowledge: p(θ)

p(θ)

θ

Model TELEMAC-2D: M(θ)

0 1 2
Water depth (m)

Simulated flood maps: S(θ)

Observations: yobs

1) Sensitivity analysis: Total-order Sobol’ (TSI)

⇒ Selection of influential parameters

TSI > 0.05

2) Data assimilation

Cost function minimization

t1 t2 t3 t4 t5

Time

θ

Truth
Observation
Forecast
Analysis

Monte-Carlo
simulations

Figure 5: Methodology for calibrating roughness parameters in a two-dimensional flood model with observed flood
map from satellite imagery.

3.1 Phase 1: Sensitivity analysis

The first phase aims to identify the most influential parameters among the 92 roughness parameters defined across the
floodplain subdomains. This step reduces the computational cost and improves the robustness of the data assimilation
phase by reducing the dimensionality of the parameter space. The sensitivity analysis phase is visualized in Figure 5
and described hereafter.

3.1.1 Algorithm

1. Parameter sampling: An ensemble of parameter vectors {θ(k)}Mk=1 with M the number of samples is
generated using the Latin Hypercube Sampling (LHS) strategy (McKay et al., 2000). The sampling bounds for
each of the Np = 92 parameters are listed in Table 1.

2. Model execution: For each sampled parameter vector θ(k), the TELEMAC-2D modelM is executed. The
simulated water depths are projected onto the observation grid (grid of pixels of the observations) and
transformed into flood maps at the times of observation using the observation operatorH. This operator maps
the model state space (water depths on the simulated mesh) to the observation space (flood maps), as described
in Section 2.4.1 considering flooded pixels for h > 10 cm. In our case, the application ofH ◦M results in
two simulated flood maps denoted as S = [S1; S2] for the two times of observation.

3. Performance measure evaluation: The discrepancy between the simulated flood maps and one observation
Oj ∈ yobs (either from SAR imagery or a twin experiment) is quantified using a performance measure L, such
as:

Y
(k)
j = L(Oj , Sj(θ

(k))), (6)

where Y
(k)
j represents the performance measure evaluation associated with parameter vector θ(k) for the j-th

time of observation.
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4. Computation of Sobol’ indices: Total-order Sobol’ indices {TSIi}
Np

i=1 are computed to quantify the contri-
bution of each parameter to the variance of the output Y . The description of Sobol’s indices computation is
provided below.

5. Selection of influential parameters: Parameters with TSIi > 0.05 are considered influential. Only these
parameters are conserved for the data assimilation phase, leading to a reduced parameter space θ (restricted to
the influential components).

3.1.2 Theory

Variance-based methods decompose the variance of output Y to quantify the relative importance of each input parameter
θi (Saltelli et al., 2004). Among these methods, Sobol’s indices (Sobol, 1993) are commonly used to quantify the
contribution of the independent input {θi}1≤i≤Np

and their interactions in the variance Var(Y ). Based on the variance
decomposition, the first-order and total-order indexes are written as follows:

SIi =
Vi

Var(Y )
(First-order index), (7)

TSIi =
Vi +

∑

j ̸=i Vi,j + · · ·

Var(Y )
(Total-order index). (8)

where Vi(Y ) = Var[E(Y |θi)], Vi,j(Y ) = Var[E(Y |θi, θj)]− Vi(Y )− Vj(Y ), etc. The term E (Y |θi) represents the
conditional expectation of the output Y under the assumption that the uncertain variable θi remains constant. SIi which
ranges between 0 and 1, measures the effect of θi alone, while TSIi measures both direct and interaction effects with
other parameters. Sobol’s indices are typically computed using stochastic estimation of statistical moments via the
Monte Carlo technique (Saltelli, 2002), but this approach becomes too computationally expensive in high dimensions.
To address that computational-cost issue, Polynomial Chaos Expansion (PCE) was used, which approximates the model
output Y . The PCE results in a surrogate model that enables a straightforward computation of Sobol’s indices from
the polynomial coefficients, as described in Sudret (2008). The confidence intervals for chaos Sobol’ indices can be
estimated by bootstrap as in Marelli and Sudret (2018). In the present study, Sobol’s indices were computed using the
OpenTURNS Python library (www.openturns.org) (Baudin et al., 2017). The confidence intervals of the estimation
of the Sobol’s indices and the distribution function of TSIi supported that choosing TSI > 0.05 was adapted.

3.2 Phase 2: Data assimilation

The second phase aims to calibrate the influential roughness parameters identified during the sensitivity analysis (Phase
1 described in Section 3.1). This is achieved through a data assimilation approach as illustrated in Figure 5.

3.2.1 Algorithm

The main steps of the variational data assimilation phase are described in the following algorithm.

Algorithm 1 Parameter estimation via cost function minimization

1: Initialize parameters θ(0) = θ
b ▷ Background estimate

2: k ← 0
3: while ∆J ≥ 10−2 and k ≤ 15 do

4: Run TELEMAC-2D with θ
(k) to obtain model output S(θ(k)) = [S1; S2]

5: For each observation, compute performance measure Y
(k)
j = L(Oj , Sj(θ

(k)))

6: Compute cost function J(θ) = 1
2 (θ − θ

b)TB−1(θ − θ
b) + ω1L(O1, S1(θ))

2 + ω2L(O2, S2(θ))
2

7: Update parameters θ(k) → θ
(k+1) by minimizing J with gradient descent

8: k ← k + 1
9: end while

10: return θ
(k) ▷ Estimated parameter vector

3.2.2 Theory

The variational data assimilation methods (Le Dimet and Talagrand, 1986; Talagrand and Courtier, 1987) provides
an optimal way of fitting a model to observations by combining uncertain observations and uncertain models. The
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goal is to minimize a cost function that measures the mismatch between the model outputs and the observations, while
incorporating background knowledge about the parameters. In this work, a variational approach, which is often used
for parametric estimation problems was used (Hostache et al., 2010; Goeury et al., 2022). The cost function writes as
follows:















J(θ) = Jb(θ) + Jo(θ)

Jb(θ) =
1

2
(θ − θ

b)TB−1(θ − θ
b)

Jo(θ) = ω1L(O1, S1(θ))
2 + ω2L(O2, S2(θ))

2

, (9)

where θ is the unknown parameter vector to calibrate, θb is the background parameter estimate, B is the background
error covariance matrix, and ω1 and ω2 are weights adjusting the relative influence of the observation terms in the cost
function. In the present study, these weights are taken equal and simplified as ω. The first term regularizes the problem
(similar to Tikhonov regularization), and the second quantifies the misfit between the simulated and observed flood
maps. The performance measures used in this study are described in Section 3.2.3. Considering the dependence of flood
maps as smooth in a manifold equipped with distance L, J can be considered continuous and piecewise differentiable
in θ.

The minimization of J was carried out using the Limited-memory Broyden Fletcher Goldfarb Shanno (L-BFGS)
quasi-Newton method (Byrd et al., 1995). In this minimization, the gradient of J can be computed using an adjoint
model or via finite differences. In the present study, the gradient of J with respect to the parameters was computed
through finite differences, such as:

∇jJ(θ) ≈
J(θ + ϵθjej)− J(θ)

ϵθj
, (10)

where ej is the unit vector in the j − th direction and ϵ is the differentiation step. The differentiation step is set to 10−3.
The differentiation step should be sufficiently small to approximate the gradient.

The optimization proceeds iteratively, updating the parameter estimate until the convergence criteria are satisfied (e.g.,
a reduction in J or changes in θ below a given threshold, or a maximum number of iterations). In this study, the
maximum number of iterations of the algorithm was fixed to 15 to limit the computation time. When using finite
differences to compute the gradient each iteration corresponds to Np + 1 simulations. In this study, the simulation
time for one simulation was approximately 30 minutes on 36 Intel Xeon Gold 6140 processors. To avoid unnecessary
iterations on nearly identical states, a maximum relative cost reduction in J was set to 10−2. The variational approach
was used through ADAO (https://pypi.org/project/adao/), a Python data assimilation library (Argaud, 2019).

3.2.3 Performance measures

Travert et al. (2025a) proposed a methodology to guide the selection of performance measures for comparing numerical
flood simulations with satellite imagery to improve model calibration and validation. Using the Garonne River as a case
study, they evaluated 24 potential performance measures and identified four as the most suitable for calibrating the flood
model. In the present study, two of the selected performance measures are used: the Cohen’s Kappa formula and the
modified Hausdorff distance. Additionally, two other performance measures that were not selected as reliable were used:
Procrustes analysis and the critical success index (also known as the measure of fit). These four performance measures
are described below. The critical success index and Cohen’s Kappa formula are based on pixel-to-pixel comparisons,
while the Procrustes analysis and modified Hausdorff distances compute geometric similarity via contour-based spatial
distances.

Pixel-to-pixel comparison At each grid point, a hit corresponds to a correctly predicted flooded pixel known as True
Positive (TP), while a correct rejection or True Negative (TN) occurs when a dry pixel is accurately identified as dry.
A false alarm, known as a False Positive (FP), arises when the model predicts flooding at a dry location, and a miss,
known as a False Negative (FN), occurs when a flooded area is incorrectly classified as dry in the simulation. In this
study, the Cohen’s Kappa formula and the critical success index are used:

• Cohen’s Kappa formula measures the agreement between the simulated and observed binary classifications
while accounting for agreement occurring by chance. It is defined as:

κ =
2 · (TP · TN − FN · FP )

(TP + FP ) · (FP + TN) + (TP + FN) · (FN + TN)
. (11)

A κ of 1 indicates perfect agreement, while 0 indicates no agreement beyond chance.
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• The critical success index, also known as the measure of fit, quantifies the proportion of correctly predicted
flooded pixels out of all pixels where flooding was predicted or observed and is defined as:

CSI =
TP

TP + FP + FN
. (12)

The CSI ranges from 0 (no prediction skill) to 1 (perfect prediction).

Geometric comparison An alternative approach is to compare geometric properties of the simulated S ∈
{0, 1}Nx×Ny and observed O ∈ {0, 1}Nx×Ny flood maps. Two of these alternatives are presented with Procrustes
analysis and the modified Hausdorff distance.

• Procrustes analysis (Gower, 1975) is a shape alignment technique that compares two shapes by eliminating
differences in position, scale, and orientation, as visualized in Figure 6.

Figure 6: Optimal transformation between two schematic flood maps achieved by translating, rotating, and scaling the
simulated flood map (brown contour) extracted from (Travert et al., 2025a).

The original O and S matrices are transformed into two matrices A1 and A2 by subtracting their mean, and
such as Tr(Ai · (Ai)

T ) = 1 with i ∈ {1; 2}. Then, an optimal transformation is represented by an orthogonal
matrix Q and a scaling factor c, which are determined using singular value decomposition (SVD). The aim is
to minimize the Procrustes distance P 2, computed as:

P 2 = de(A1, cA2Q), (13)

where

de(A1, cA2Q) =

√

√

√

√

Nx
∑

i=1

Ny
∑

j=1

(A1)i,j − (cA2Q)i,j)2. (14)

• The modified Hausdorff distance (Dubuisson and Jain, 1994) addresses the sensitivity of the classical Hausdorff
distance to outliers by replacing the maximum operator with an average, such as:

dMH(O,S) = max















1

|O|

∑

(i,j)
Oi,j=1

min
(k,l)

Sk,l=1

δ((i, j), (k, l)),
1

|S|

∑

(k,l)
Sk,l=1

min
(i,j)

Oi,j=1

δ((i, j), (k, l))















, (15)

where δ((i, j), (k, l)) is the Euclidean distance between location of pixels (i, j) and (k, l). |O| =
∑

i,j |Oi,j |

and |S| =
∑

i,j |Si,j | represent the number of flooded pixels in the observation and simulation, respectively. w
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The parameter estimation framework described in this Section is applied on flood event described in Section 2. The
results of the sensitivity analysis step of the methodology are described in Section 4, and then are exploited in the data
assimilation step in Section 5.

4 Results of the sensitivity analysis step

First, the sensitivity analysis is carried out following the framework described in Section 3.1. The sensitivity analysis
step was conducted on the twin and real experiment. Only the results from the twin experiment setup are reported here,
as the influential subdomains were identical in the twin and real experiments.

On the twin experiment, a sensitivity analysis was carried out to identify the influential parameters on the scalar output
L(Oj , Sj(θ)) for j = {1; 2} and the four different performance measures described in 3.2.3. For this eight sensitivity
analysis, a surrogate model was built to approximate the scalar output. The surrogate models based on Polynomial
Chaos Expansion (PCE) were constructed using the Least Angle Regression Stagewise (LARS) method to create
an adaptive sparse model (Efron et al., 2004). These surrogate models were trained on a dataset comprising 6,000
simulations and validated on an independent set of 2,000 simulations. The accuracy of the metamodels was evaluated
on the validation dataset using the predictivity factor Q2 defined as:

Q2 = 1−

∑N
k=1

(

L(Oj , Sj(θ
(k)))− L̂(Oj , Sj(θ

(k)))
)2

∑N
k=1

(

L(Oj , Sj(θ
(k)))− 1

N

∑N
k=1 L(Oj , Sj(θ

(k)))
)2 , (16)

where L̂ is the surrogate model production, and N is the number of validation samples. For the four performance
measures and the two used observations, Q2 values exceeded 0.9, demonstrating a high level of agreement between the
surrogate models and the evaluation of L for the TELEMAC-2D outputs.

Figures 7 and 8 show the spatial distribution of the total-order Sobol’ indices across the 92 subdomains of the study
area, for the four performance measures and two observation times. Only a limited number of subdomains exhibit
high sensitivity (i.e., high TSI values), indicating that changes in the input parameters are only influential for specific
spatial regions. The influential subdomains are consistent across both observations, although some spatial differences
emerge between the two acquisition times. For the first observation on February 2, 2021, during the rise of the flood,
the regions of high sensitivity are mainly located upstream. In contrast, Figure 8 exhibits more spatial heterogeneity,
with additional zones of moderate influence. This can be explained by the propagation of the flood, with more water
throughout the study area at the second time of observation, and hence more influential zones downstream than in the
first image. Moreover, the larger zones are the most influential since they control most of the flow on the floodplains,
and the flooded area is mainly located in these zones.

The dimensionality of the data assimilation (DA) step is reduced by considering only subdomains with total-order Sobol’
indices greater than 0.05, highlighted with red contours in Figures 7 and 8. Subdomains that exceed the threshold for at
least one of the two observation times (either February 2 or 3) are included in the DA step. In Figure 7, two subdomains
have total-order Sobol’ indices above the threshold for each of the four performance measures, although the specific
subdomains vary depending on the performance measure used. In Figure 8, the number of influential subdomains varies
between two and four, depending on the performance measure used. Overall, three subdomains are selected for the DA
phase for Cohen’s Kappa and the critical success index. In comparison, four subdomains are retained for the Procrustes
analysis and the modified Hausdorff distance.

In summary, the sensitivity analysis step significantly reduced the number of parameters for data assimilation, from 92
subdomains to four. In the following, the calibrated subdomains with DA are reported in Figure 9. For Cohen’s Kappa
and the critical success index, subdomains 1, 2, and 3 are calibrated. For Procrustes analysis and modified Hausdorff
distance, subdomains 1, 2, 3, and 4 are calibrated.
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Critical success indexCohen's Kappa
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Procrustes analysis Modified Hausdorff 

distance

Figure 7: Spatial distribution of total-order Sobol’ indices (TSI) across four performance measures using the first
reference flood map observation on February 2, 2021, at 17:56 UTC.
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Critical success indexCohen's Kappa

0.05
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Figure 8: Spatial distribution of total-order Sobol’ indices (TSI) across four performance measures using the second
reference flood map observation on February 3, 2021, at 17:48 UTC.

Figure 9: Subdomains 1, 2, and 3 are identified as influential for Cohen’s Kappa and the critical success index, while
subdomains 1, 2, 3, and 4 are considered influential for Procrustes analysis and the modified Hausdorff distance, based
on the sensitivity analysis.
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5 Results of the data assimilation step

The influential parameters identified in Section 4 are calibrated using the 3D-Var algorithm for both the twin and
real experiments, following the methodology described in Section 3.2. Throughout the data assimilation (DA) step,
the background error covariance matrix B is fixed to B = 100I2 with I2 the identity matrix of size 2, based on
the uncertainties associated to roughness parameters described in the literature (standard deviation of the Strickler

coefficient is fixed to 10 m1/3/s).

5.1 Twin experiment

In the twin experiment, the synthetic observations were assumed to be noise-free and perfectly accurate by setting
ω = 10−10, thereby assigning a very high confidence to the observation term in the cost function. The influence of the
choice of performance measure on the calibration of the Strickler coefficients was evaluated for the four performance
measures: Cohen’s Kappa, critical success index, Procrustes analysis, and modified Hausdorff distance. For each

calibrated subdomain, the initial Strickler coefficient guess θb was randomly drawn from a uniform distribution U(5, 50)
to consider a broader uncertainty than usual flood modeling studies as defined in Table 1. Since 3D-Var can be sensitive
to the initial parameter guess due to the shape of the cost function, 10 assimilations were performed per performance
measure for 10 random initializations sampled in a uniform distribution for each parameter U(5, 50). In the 3D-Var

minimization, the parameters are constrained between 5 and 50 m1/3/s.

Figures 10 and 11 show the evolution of the Strickler coefficient estimates over iterations in subdomains 1 and 3,
respectively, for each of the four performance measures. In subdomain 1 (see Figure 10), located upstream in the
domain, all four performance measures lead to convergence of the 3D-Var estimates toward the true Strickler value
(dashed gray line). For Cohen’s Kappa and CSI, the convergence to the true values is fast with the ensemble of 10 runs
converging around the true value (12.5) within 4 to 5 iterations. In contrast, Procrustes analysis and modified Hausdorff
distance show slower convergence and greater variability in the initial iterations, but stabilize around the true value after
approximately 6 to 7 iterations.

Figure 10: Estimates of the Strickler values for the twin experiment in subdomain 1 for four performance measures
using 3D-Var. Boxplots show the variability of estimates across 10 initializations over iterations.

In subdomain 3 (see Figure 11), convergence to the true values is again observed for Cohen’s Kappa, CSI, and modified
Hausdorff distance. However, CSI shows greater variability in the first iterations compared to Cohen’s Kappa. When
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Figure 11: Estimates of the Strickler values for the twin experiment in subdomain 3 for four performance measures
using 3D-Var. Boxplots show the variability of estimates across 10 initializations over iterations.

using Procrustes analysis, 3D-Var fails to converge to the true value. In Travert et al. (2025a), the Procrustes analysis
was not considered as a reliable performance measure because it was not equally sensitive to an increase or a decrease in
the flood extent size. It might be the cause of the inability to reach the true value in subdomains 2, 3, and 4. Furthermore,
the lower influence of these subdomains on the Procrustes analysis performance measure is highlighted in Figure 8. For
the first observation, the total Sobol’ index in subdomain 2 is higher for the other performance measures, and similarly
for subdomain 3 for the second observation.

Results for subdomains 2 and 4 are presented in Figures 23 and 24 in Appendix A, showing behavior similar to
that observed in subdomain 3. When using Procrustes analysis as a performance measure, the Strickler values are
consistently overestimated in subdomains 2, 3, and 4. Consequently, applying this performance measure for flood
map assimilation results in underestimation and overestimation of water depths. Figure 12 (a) shows the water depth
differences between the simulation calibrated using Procrustes analysis (with mean Strickler values from the final
iteration) and the true state generated with a reference Strickler field. On February 2, 2021, the results indicate an
overestimation of water depth downstream and an underestimation in the central part of the study area (ranging from 10
to 20 cm), attributed to discrepancies in Strickler values. On the contrary, the same analysis is carried out in Figure 12
for Cohen’s Kappa formula and shows that the differences in water depth are negligible due to Strickler values close to
the reference values after the calibration process.

After considering perfect observations, we generated synthetic noised observations using the method of characteristics
for the advection scheme. The observation error ω was quantified by evaluating the performance measure between the
noised observations and the perfect observations. For instance, Figure 13 shows the Strickler estimates on subdomains
1 and 3 when assimilating this uncertain observation using 3D-Var with Cohen’s Kappa performance measure. The
same prior as the one used for perfect observations assimilation were used. The Figure suggests that the assimilation of
noised synthetic observations allows to find a compromise between the prior and the true reference value. Indeed, the
Strickler estimates are closer to the reference than prior to assimilation even when assimilating uncertain observations.
For the other performance measures, the behavior was identical. In the future, more noise levels should be tested to find
up to which noise levels, uncertain satellite flood maps provide information for calibrating the flood model.

Overall, in the twin experiment configuration, the 3D-Var algorithm converges more efficiently and reliably when using
Cohen’s Kappa and modified Hausdorff distance as performance measures. These findings are consistent with those of
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(a) (b)

Figure 12: Water depth differences between simulations calibrated with 3D-Var (mean final estimates of the 10 runs)
using (a) Procrustes analysis or (b) Cohen’s Kappa and the true state on February 2, 2021, at 17:56 UTC.
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Figure 13: Estimates of the Strickler values for the twin experiment in subdomains 1 and 3 for Cohen’s Kappa formula
using 3D-Var. Boxplots show the variability of estimates across 10 initializations over iterations.

Travert et al. (2025a), who identified Cohen’s Kappa and modified Hausdorff distance as robust metrics for comparing
simulated and observed flood maps. In contrast, CSI and Procrustes analysis showed less reliability for estimating the
parameters in the subdomains.

5.2 Real experiment with observations from satellite imagery

In this section, the results of the data assimilation using flood maps derived from SAR imagery are analyzed. Figures 14
and 15 show the estimated Strickler values for subdomains 1 and 3, respectively. The values of B and of the observations
weight ω used in the twin experiment are conserved assuming that the observations are perfect.

In subdomain 1 (see Figure 14), all four performance measures show consistent convergence. Cohen’s Kappa, CSI,
and modified Hausdorff distance converge rapidly with reduced spread in the estimates after five iterations. Procrustes

analysis shows higher variability, even though the mean estimate converges to approximately 33 m1/3/s. However, for
all performance measures, the Strickler values consistently reach high values, which is unlikely in floodplains where
roughness is usually high (corresponding to low Strickler values).

Subdomain 3 (see Figure 15) presents a different pattern. For Cohen’s Kappa and the modified Hausdorff distance, the
estimated Strickler values rapidly converge toward the upper bound of the defined parameter space, indicating that the
assimilation compensates for observation discrepancies with the model by maximizing the roughness parameter. In
contrast, the estimates based on the critical success index and Procrustes analysis show more variability. The fact that
the estimates often reach high Strickler values in the floodplains or remain at the bounds of the parameter range suggests
that the optimization is constrained by the limits of the parameter space. Furthermore, at the end of the assimilation
process, the value of the cost function is still high and not close to zero, suggesting that the estimated Strickler still
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Figure 14: Estimates of the Strickler values for the real experiment in subdomain 1 for four performance measures
using 3D-Var. The boxplots show the variability of estimates across iterations for 10 different initializations.

leads to important differences between the simulated and observed flood maps. The simulated flood extent may be
over- or underestimated due to uncertainties not taken into account (e.g., inlet discharge, dike modeling), or the derived
observations from satellite images may be too uncertain. For instance, in Travert et al. (2025b), it was shown that the
variability of the flood maps highly depends on the processing choices used to treat the satellite image.

In Figure 16, the observed flood maps at the two times of observation are compared to the simulated flood maps at the
end of the assimilation for Cohen’s Kappa performance measure. After the calibration, the simulated flood map and the
observed flood map have the same geometric structure, but differ slightly especially for the 2nd of February 2021 in the
center and downstream of the model, with over and underestimation of the flooded areas. Upstream of the domain,
the wave front is not perfectly aligned with the simulated front going faster than the observed front. These differences
could be due to a wrong parameterization of the model, because the uncertain observations were considered perfect in
this first approach, or because the model is not able to reproduce the flood dynamics due to missing flood processes or
too constrained model with fixed minor bed for instance.

In Section 5.2.1, flood maps generated with other flood mapping methods are assimilated considering perfect observa-
tions to show the variability due to the choice of processing method of the observations. Then, Section 5.2.2 explores
the role of the weighting factor ω in the cost function to account for the observation errors. Finally, Section 5.2.3
presents the assimilation of the flood maps with a more uncertain flood model, considering the channel roughness as an
uncertain parameter.

5.2.1 Impact of observation selection

In the first assimilation procedure, the assimilated observations were generated using a local thresholding method.
However, the generated flood maps can be imperfect due to measurement errors, the presence of vegetation, or the
choice of processing methods (Landuyt et al., 2018; Zhao et al., 2021; Travert et al., 2025b).

The impact of these uncertainties is evaluated by assimilating flood maps derived with another flood mapping method.
A pre-trained Convolutional Neural Network (CNN), trained to identify flooded regions on Sentinel-1 images (Bonafilia
et al., 2020), was used to generate the flood maps. Figure 17 presents the resulting flood maps, which appear smoother,
with fewer holes and larger floodplain coverage, compared to the flood maps generated using the local thresholding
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Figure 15: Estimates of the Strickler values for the real experiment in subdomain 3 for four performance measures
using 3D-Var. The boxplots show the variability of estimates across iterations for 10 different initializations.

Figure 16: Comparison of the observed flood maps on (a) February 2, 2021, at 17:56 UTC, (b) February 3, 2021, at
17:48 UTC, with the simulated flood maps at the end of the assimilation for one of the assimilation with Cohen’s Kappa
performance measure.

method (see Figure 4). For instance, the variation in the flooded area between the two flood mapping methods reaches
10 km² for the flood map generated on February 2.

Figure 18 compares the Strickler values estimated using Cohen’s Kappa performance measure for flood maps derived
from local thresholding and CNN methods, using the same initial guess. In subdomain 1, the same tendency is identified,
with high values of Strickler for assimilating either observations derived from CNN or local thresholding methods.
However, for subdomain 3, the estimated Strickler converges either to the upper bound or to the lower bound, depending
on the observations. Multiple parameter combinations may fit the observations equally well (equifinality issues).
However, the cost functions when assimilating local thresholding and CNN-based flood maps do not converge to the
same values, suggesting that it is not an equifinality problem, and it is due to the variations in the generated flood maps.
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(a) (b)

Figure 17: Flood maps extracted from Sentinel-1 acquisitions using Convolutional Neural Networks on the Garonne
River on (a) February 2, 2021, at 17:56 UTC, and (b) February 3, 2021, at 17:48 UTC.

Figure 18: Estimates of the Strickler values in subdomain 1 and 3 using Cohen’s Kappa performance measure in the
3D-Var cost function. The blue and red boxplots represent the variability of the estimations for the assimilation of flood
maps derived using local thresholding and Convolutional Neural Networks (CNN), respectively.

These results highlight that due to the uncertainty in the satellite-derived observations, the distributed Strickler are
difficult to characterize. A more appropriate approach would involve adjusting ω, allowing for a more realistic
weighting between the background term and the observation term in the 3D-Var cost function to account for observation
uncertainties. However, determining an optimal weight between Jb and Jo is complex, as the observations are categorical
flood maps (matrices of 0 and 1) and the performance measures used are non-Euclidean, making it difficult to define
statistically covariance matrices for observation errors. A sensitivity analysis of the assimilation results with respect to
variations in ω is presented in Section 5.2.2. The aim is to evaluate the influence of the uncertainty of the observed
flood maps on the calibrated roughness field.

5.2.2 Impact of the weighting factor in the cost function

To account for the uncertainties in the generation of flood maps from satellite observations, the weighting factor ω in
the cost function should be modified. We aim to balance the empirical relative variation (i.e., standard deviation) of the
background and observation terms in the cost function defined in Equations (9). Rather than arbitrarily selecting ω, a
target ratio γ ∈]0, 1[ is defined representing the desired ratio between the standard deviations of the background and
observation cost terms across a range of parameter values:

Std(Jb(θ))

Std(Jo(θ))
=

γ

1− γ
, (17)
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where Std is the standard deviation. For instance, for γ = 0.5, the variations of the background and observation terms
are balanced, meaning that the total cost function variation due to θ should give equal importance to the background
and observation terms.

The matrix B was considered as a scalar multiple of the identity (no correlated errors), such that:

B = (σb)2I. (18)

Then, using Equations (17) and (18):

1

(σb)2ω
=

γ

1− γ
·
Std(L(O1, S1(θ))

2 + L(O2, S2(θ))
2)

Std(∥db∥2)
, (19)

where db = (θ − θ
b). The standard deviations are estimated empirically using 500 samples of θ ∼ U(5, 50). The

background state is set to θ
b = [12.5; 12.5; 12.5] for CSI and κ, and to θ

b = [12.5; 12.5; 12.5; 12.5] for Modified
Hausdorff Distance and Procrustes Analysis, corresponding to the barycenter (for croplands with tall vegetation) of
the ranges described in Table 1. In this study, γ ∈ {0.01; 0.1; 0.2; . . . ; 0.8; 0.9 ; 0.99} to evaluate the sensitivity
of the calibration to the relative trust placed in the background versus observation terms. A low γ assumes that the
satellite-derived flood maps, while uncertain, are the most certain source of information, and inversely for high γ.

We highlighted in both the twin experiment and the first assimilation of the real experiment that the critical success
index and Procrustes analysis were not adapted for the assimilation of flood maps in this test case. Thus, only the results
for Cohen’s Kappa and modified Hausdorff distance are reported. The estimated weights ω for the range of selected
γ values for a fixed background covariance matrix B = 100I2 are reported in Table 2. Given the values of ω for the
different levels of confidence between the background and misfit to observations terms, the observations introduced in
Section 2.4.2 and reported in Figure 4 are assimilated.

Table 2: Computed ω for each γ value for Cohen’s Kappa and modified Hausdorff distance, with fixed B = 100I2.

γ ω (Cohen’s Kappa) ω (modified Hausdorff distance)

0.01 1.02e+01 5.05e-03
0.10 1.12e+02 5.56e-02
0.20 2.53e+02 1.25e-01
0.30 4.33e+02 2.15e-01
0.40 6.71e+02 3.34e-01
0.50 1.01e+03 5.00e-01
0.60 1.52e+03 7.52e-01
0.70 2.36e+03 1.17e+00
0.80 4.03e+03 2.00e+00
0.90 9.09e+03 4.50e+00
0.99 1.00e+05 4.95e+01

Figures 19 present the variation of the floodplain Strickler values per iteration of 3D-Var for the γ values reported in
Table 2 using Cohen’s Kappa formula and modified Hausdorff distance in the cost function, respectively. The same

initial guess θb is used for all γ values.

For the two performance measures, the sensitivity to γ is similar for subdomains 1 and 3. For both subdomains, low
values of γ ≤ 0.2, corresponding to low confidence in the observations, lead to Strickler values converging near
the initial guess. As γ increases (more trust placed in the observations), the optimization becomes more sensitive
to variations around the initial guess. The Strickler values converge to values near the initial guess except for high
confidence in the observations. For high γ values, the cost function minimization mainly relies on the minimization of
the errors between the observed and simulated flood maps, with little effect of the background knowledge. In that case,
if the observation is very different from the simulations, the Strickler values can vary significantly, as seen in Figure 19
for γ = 0.99. The cost function, is quite smooth, but as γ increases some local minimum appear, and the cost function
minimization process can get stuck in them. For instance, Figure 20 shows the cost function shape for Cohen’s Kappa
performance for coupled variations of the Strickler coefficients. While for γ = 0.1 there seems to be a global minima
even if the visualization is only for coupled variations two by two, while the cost function is less smooth for γ = 0.8.

For γ = 0.8, Figure 21 shows the estimated Strickler with 3D-Var in subdomain 3 for several values of θb by sampling
its probability density distribution. For this observation noise level the cost function is difficult to minimize and get
stuck in the local minimum shown in Figure 20. The optimization procedure gets stuck in three zones. The experience
modeler could choose the appropriate Strickler value among the three zones considering the land use and the generated
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Figure 19: Estimates of the Strickler values for the real experiment in subdomains 1 and 3 for two performance measures
using 3D-Var and varying confidence (γ) in the observation term.

flood maps. Another possibility is to use other algorithms such as stochastic gradient descent or genetic algorithms to
find a global minimum for this level of confidence in the observations, but it would require a higher computational time.

This analysis underscores the importance of carefully tuning the weighting factor ω in 3D-Var frameworks for floodplain
calibration and check that the global minimum of the cost function is found. Depending on the level of confidence in
the observations and the background, the Strickler estimates in the floodplains can vary significantly. The specific value
of γ to choose for flood maps assimilation is still an open question. The results suggest that improvements on the flood
mapping procedure should be made to reduce the uncertainties for floodplain roughness calibration. Furthermore, the
weight factor should be quantified more accurately to estimate where the Strickler values should lie when combining
background knowledge and observations.

While γ is difficult to quantify for SAR derived flood maps and for specific performance measures, another possibility
is to consider that the observations are perfect and reduce the constraint on the models by choosing more uncertain
parameters. This analysis is carried out in Section 5.2.3.

5.2.3 Accounting for other uncertainties than floodplain roughness

In this 2D flood model, initially, only the roughness of the floodplains was assumed uncertain, with fixed channel
roughness based on previous studies and calibration using in-situ data. However, as discussed in Section 5, the
convergence of Strickler values in subdomain 3 to the bounds of the parameter range indicated that other sources
of uncertainty may be unaccounted for (if considering that the observations are perfect and noise-free), limiting the
model’s ability to reproduce the observed flood maps.

Then, model constraints were relaxed by allowing the channel roughness to vary. Instead of using fixed Strickler values

in the riverbed, the three roughness subdomains are considered bounded between 30 and 50 m1/3/s. With this updated
uncertainty representation, the data assimilation framework was applied for one random initial guess of the parameters,
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(a) (b)

Figure 20: Variation of the cost function J for Cohen’s Kappa performance measure L for γ ∈ {0.1; 0.8} as a function
of the coupled parameters (a) θ1 and θ2 for θ3 = 12.5., and (b) θ1 and θ3 for θ2 = 12.5.

assimilating observations derived from both the local thresholding and CNN methods on SAR imagery. Figure 22 shows
the Strickler evolution as a function of the number of algorithm iterations for the influential subdomains (subdomains 1,
2, and 3) in the floodplains and the three channel subdomains (Tonneins/Mas d’Agenais, Mas d’Agenais/Marmande,
and Marmande/La Réole). Two set of observations are tested by assimilating flood maps derived from two different
SAR classification methods: local thresholding (solid lines) and a Convolutional Neural Network (CNN) (dashed lines).
The cost function gradients were primarily driven by the channel parameters rather than the floodplains. This illustrates
the dominant hydraulic control exerted by the channel during overbank flows, which governs not only in-channel
velocities but also the timing and extent of floodplain inundation. With that configuration, the Strickler values do not
converge to the bounds of the parameter range, suggesting that the model can reproduce the observations better within
the parameter range. During the initial iterations, most subdomains have high adjustments in their Strickler values, but
then only the channel roughness keeps evolving up to 10 iterations.

In the riverbed subdomain and floodplain subdomains, the assimilation using flood maps derived from local thresholding
does not converge to the same Strickler values compared to the assimilation using flood maps derived with CNN. It
underscores the need for better handling of observation uncertainty, as the results are still conditioned on the assumption
of perfect observations, which is rarely realistic in practice.
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Figure 21: Estimates of the Strickler values for the real experiment in subdomain 3 for Cohen’s Kappa performance

measure using 3D-Var with γ = 0.8 and different θb.
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Figure 22: Estimated Strickler across iterations of 3D-Var with Cohen’s Kappa performance measure for assimilating
flood maps derived from local thresholding (solid lines) or Convolutional Neural Network (dashed lines) methods.

6 Discussion

This study explored the assimilation of flood maps from SAR imagery into a 2D flood model using a 3D-Var variational
approach to calibrate spatially distributed roughness parameters. While the results are promising on controlled
experiments, several limitations impact the robustness of the calibration in real-world applications.

The main challenge in assimilating flood maps with the presented performance measures is to include observation
uncertainty into the 3D-Var cost function via the weighting factor ω. The uncertainty in the SAR-derived flood maps was
only implicitly addressed by tuning the relative weights between the background term and the observation term instead
of using known uncertainties of the observations. This approach poorly reflects the true uncertainty in SAR-derived
flood maps, which can be affected by measurement errors, speckle noise, or segmentation errors (Zhao et al., 2021;
Landuyt et al., 2018). Future work should focus on more robust estimation of ω, especially when the misfit between
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the observed and simulated flood maps is quantified using non-Euclidean performance measures. Inflation techniques
(Carrassi et al., 2018) by scaling or tuning B or ω could help manage the trade-off between trust in the observations
and the background term, especially when satellite-derived flood maps are noisy or inconsistent. Another possibility is
to empirically estimate the observation errors of the performance measures evaluation. For example, flood maps can
be generated with many flood mapping algorithms and hyperparameter settings (Travert et al., 2025b). Then, for all
these flood maps, the distribution of the performance measures can be computed to provide an empirical estimate of the
uncertainty. However, these estimates should be presented with a probabilistic framework, assigning likelihoods to each
generated flood map, as the results of some processing methods lead to flood maps closer to reality than others. This
approach only considers the uncertainty introduced during the SAR image processing. However, SAR imagery may be
affected by measurement errors, geolocation inaccuracies, incidence angle effects, etc. These errors on the raw SAR
images should also be accounted for in the generation of the flood maps. In this study, the twin experiment was carried
out only considering perfect observations, and one level of observation noise. In the future, more noise levels should
be tested with the synthetic observations to evaluate in more detail the role of the weighting factor and the possibility
to calibrate floodplain roughness. However, adding synthetic noise to the synthetic observations consisting of binary
flood maps while simultaneously evaluating the weighting factor for this level of noise is an open question and was not
explored in this study.

Another limitation in this study is that the flood maps can be significantly different from the simulated ones. This
suggests that the parameter space is too narrow to match the observations, and that the assimilated observations
are outside the model’s solution space. However, as long as the observation uncertainties are not clearly defined,
it is complicated to state whether the parameter range is too narrow or if the differences are only explained by the
uncertainties. In the cost function, the model error is not accounted for, and we only considered that the variability of
the model outputs is ruled by its parameterization. In future studies, the model error and missing physical processing
could be added with an additional term in the cost function. Then, we could define a distribution of probability and
a confidence region around each optimal Strickler value by sampling noise model errors. This model error could be
introduced on the velocity field through a Gaussian noise, but this is difficult due to the use of different performance
measures and of the computational cost of launching several DA when sampling the model error distribution.

Then, when assimilating flood maps, the modeler should question if the flood maps are reliable enough to calibrate a
set of parameters or if the flood maps can be used only to calibrate a less constrained model with additional uncertain
parameters (e.g., here the channel roughness) or wider parameter ranges.

7 Conclusion and perspectives

This study investigated the assimilation of uncertain flood maps derived from satellite observations to estimate a spatially
distributed roughness field in a 2D flood model using variational data assimilation (3D-Var). The objective was to
evaluate how different performance measures quantifying the misfit between the simulated and observed flood maps
influenced the calibration of the Strickler field in the assimilation process.

Using a two-phase strategy that combines sensitivity analysis and variational assimilation, we first demonstrated that
only a subset of roughness parameters is influential in evaluating the performance measures. The sensitivity analysis
reduced the number of parameters from more than 90 to 3 or 4 floodplain roughness subdomains, depending on the
performance measures. In controlled twin experiments using synthetic observations, the assimilation successfully
recovered the true parameter values when using Cohen’s Kappa and the modified Hausdorff distance, assuming perfect
observations. However, for the two other performance measures, Procrustes analysis and critical success index, the
assimilation did not converge to the true values or exhibited more variability depending on the initial guess, indicating
the influence of the choice of performance measures in the 3D-Var assimilation. When applied to real flood events
using SAR-derived flood maps, the results confirmed the impact of the performance measure. The Cohen’s Kappa and
modified Hausdorff distance resulted in converged results in contrast to the two other performance measures. However,
the results also indicated that calibrating only floodplain roughness is insufficient when real flood maps are too uncertain
and are considered noise-free in the 3D-Var cost function. The inclusion of channel roughness as an additional uncertain
parameter improved the model sensitivity and prevented convergence to the parameter bounds. The second option
is to weight the 3D-Var cost function by considering the uncertainties of the background and observation terms. We
conducted a sensitivity analysis of the degree of uncertainty of the observation term in the total cost function. We
highlighted the variations of the calibrated parameter depending on the weight of the relative variation of the observation
term compared to the background term. In the future, additional experiments on the twin experiment with noise on
the synthetic observations should be conducted to determine the maximum level of observation noise that provide
information for calibrating floodplain roughness using uncertain flood maps. For each assimilation, in the future, we
could also introduce a model error to account for unmodeled physical processes or bad flood dynamics representation,
to define a region of confidence around each optimal state determined using 3D-Var.
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To improve flood model calibration and the assimilation of flood maps, future work should focus on quantifying and
incorporating observation uncertainties. The representation of the weighting factor ω in the cost function should be
improved. In this study, only global performance measures were used to compare the flood maps. A possibility is
to develop local performance measures that better capture both global agreement and localized mismatches between
simulations and observations. Satellite-derived flood maps can be used to calibrate flood models when exploring the
uncertainty space beyond floodplain roughness, including channel roughness, bathymetry, or inflow variability. Finally,
alternative observation sources could be used, such as drone-based imagery or high-resolution optical satellites, which
can offer better classification accuracy and reduced uncertainty.
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A Additional results for the data assimilation on twin experiment

The results of the data assimilation for the four performance measures are reported in Figures 23 and 24 for subdomains
2 and 4, respectively.
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Figure 23: Estimates of the Strickler values for the twin experiment in subdomain 2 for four performance measures
using 3D-Var. Boxplots show the variability of estimates across 10 initializations over iterations.

Figure 24: Estimates of the Strickler values for the twin experiment in subdomain 4 for two performance measures
using 3D-Var. Boxplots show the variability of estimates across 10 initializations over iterations.
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6.3 Complements: Twin experiment on a schematic

test case

The inŕuence of the choice of performance measures when assimilating ŕood maps in a
2D ŕood model with variational approaches was also evaluated on a schematic test case.
The test case consists of a twin experiment on a meandering channel with a right and left
ŕoodplain. The aim is to calibrate the spatially distributed roughness, which is divided
into three subdomains, as shown in Figure 6.1.

Figure 6.1: Illustration of the schematic test case for preliminary tests of the
methodology presented in Section 6.2.

The methodology follows that described in Section 6.2, using a 3D-Var data assimila-
tion algorithm to estimate the roughness coefficients by minimizing a cost function. In the
cost function, the inŕuence of the choice of performance measure and of the initial state
θb on the estimation of the three parameters was evaluated. The simpliőed framework
enabled the comparison of performance measures under idealized conditions.

The test case also highlighted the importance of the performance measure in the
calibration process when using ŕood maps. It also demonstrated that the choice of initial
parameter guesses can affect the outcome depending on the shape of the cost function.

The detailed results of these additional experiments are presented more thoroughly in
Appendix A.1.

6.4 Summary

This chapter aimed to calibrate a spatially varying ŕoodplain roughness parameter as-
similating SAR-derived ŕood maps. We assimilated ŕood maps using a 3D-Var varia-
tional approach, where the aim is to minimize a cost function that combines background
knowledge and an observation term, representing the misőt between model outputs and
observations. We carried out assimilation on both a schematic and a real ŕood event
scenario, highlighting the impact of the choice of performance measure on the estimation
of the ŕoodplain roughness parameter. In controlled twin experiments, the assimilation
of ŕood maps enabled calibration of the ŕood model when using adapted performance
measures, as described in Chapter 5. However, in a real case scenario, where observations
are uncertain, the assimilation of ŕood maps for calibrating ŕoodplain roughness was less
successful due to large discrepancies between the simulated and observed ŕood maps, and
because the uncertainty of the observed ŕood maps is hardly quantiőed for the tested
performance measures. The degree of precision in current methods for generating ŕood
maps from SAR imagery makes calibration of ŕoodplain roughness difficult. However,
this methodology can be used to calibrate the channel roughness, which is usually more
inŕuential on the ŕood maps. Then, observed ŕood maps, even with some uncertainties,
can be useful for calibrating the model.



Chapter 7

Calibration of roughness field in 2D

flood models with water depth fields

assimilation

Résumé :

Ce chapitre vise à assimiler les champs de profondeur d’eau dérivés des observations
satellitaires aőn d’améliorer la calibration de la rugosité des plaines d’inondation dans
les modèles hydrodynamiques 2D. Bien que l’estimation de la profondeur d’eau à partir
d’observations satellitaires introduise plus d’incertitudes que les cartes d’inondation, elle
peut simpliőer le processus d’assimilation avec des observations de la profondeur d’eau
plus proches des quantités simulées par les modèles hydrodynamiques.
Trois techniques d’assimilation de données (3D-Var, őltre de Kalman d’ensemble, őltre
particulaire) sont testées sur une étude de cas schématique. L’inŕuence des erreurs
d’observation, de l’échantillonnage spatial et de la résolution temporelle sur la rugosité
calibrée de la plaine d’inondation est évaluée.
La méthodologie est ensuite appliquée à un événement d’inondation réel sur la Garonne
en France en utilisant l’algorithme 3D-Var. Tout d’abord, une expérience jumelle est
utilisée pour évaluer comment les erreurs d’observation et la distribution spatiale des
observations affectent les résultats. Enőn, la calibration de la rugosité de la plaine
d’inondation est effectuée à l’aide d’observations de profondeur d’eau dérivées de cartes
d’inondation obtenues par satellite. Les résultats indiquent que, malgré les incertitudes,
la calibration de la rugosité de la plaine d’inondation peut être améliorée.

Abstract:

This chapter explores the assimilation of water depth őeld observations derived from
satellite observations to improve the calibration of ŕoodplain roughness in 2D hydrody-
namic models. Although water depth estimation from satellite observations introduces
more uncertainties than ŕood maps, it can simplify the assimilation process with water
depth observations closer to the quantities simulated by hydrodynamic models.
Three data assimilation techniques (3D-Var, EnKF, and PF) are tested on a schematic
case study. The inŕuence of observation errors, spatial sampling, and temporal resolution
on the calibrated ŕoodplain roughness is evaluated.
The methodology is then applied to a real ŕood event on the Garonne River in France
using the 3D-Var algorithm. First, a twin experiment is used to assess how observation
errors and the spatial distribution of observations affect the results. Finally, ŕoodplain
roughness calibration is conducted using water depth observations derived from satellite-
derived ŕood maps. The results indicate that, despite uncertainties in the simulated
water depth, calibrating ŕoodplain roughness can still be improved.
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7.1 Motivations

In Chapter 6, we assimilated ŕood maps to infer a spatially distributed roughness őeld.
When using ŕood maps derived from satellite observations, we observed the difficulty
of calibrating the roughness parameter using global performance measures that compare
simulated to observed ŕood maps. In Chapters 2 and 4, we showed that water depth őelds
can be extracted from satellite imagery by combining ŕood maps with a Digital Elevation
Model.

Therefore, we evaluate the possibility of extracting water depths at various points
within the ŕood extent and assimilate these point-wise observations on the ŕoodplains.
Although extracting water depth from satellite observations introduces additional uncer-
tainty, the cost function is simpler to minimize, and water depth is a direct output of the
simulation and a more natural target for assimilation. As in the previous chapter, this
chapter aims to address the third research question introduced in Chapter 1:

Research Question 3

Is it possible to calibrate ŕoodplain roughness in 2D hydrodynamic models using
uncertain satellite observations?

Section 7.2 presents the assimilation of water depths at multiple locations across ŕood-
plains, under various noise levels, to calibrate a spatially variable roughness őeld in a
schematic test case. The assimilation of water depths on this test case was conducted for
three Data Assimilation techniques: 3D-Var, EnKF, and PF. This section is written in
the form of a conference paper presented at the Telemac User Conference [Travert et al.,
2024]. The same methodology is then applied to the Garonne River case study with
3D-Var only, using a twin experiment and water depths derived from satellite imagery to
estimate the roughness coefficients.

7.2 Water depth assimilation on a schematic test case
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Abstract – Numerical models play an essential role in fluvial 

hydraulics for modelling flood dynamics. These models are often 

used as prediction tools to design effective mitigation measures or 

estimate possible damages due to overflowing for future events in 

specific areas. Before using these models, they need to be 

calibrated against observations to assess their accuracy for past 

and future events. In this study, we implement and compare in a 

realistic scenario different data assimilation algorithms for 

parameter estimation to evaluate which is most suitable for 

calibrating hydraulic models.  In this work, the goal is to retrieve 

the friction, a distributed parameter in two-dimensional flood 

models. Water depth measurements at different places within the 

channel and floodplains are used as observations in Data 

Assimilation algorithms. The methodology is conducted on a twin 

experiment. Different levels of observation errors and various 

configurations of observations are tested, both temporally and 

spatially. The 3D-Var algorithm was more efficient for most 

configurations for identifying the parameters.  

Keywords: Data Assimilation, Parameter Estimation, 

Roughness. 

I. INTRODUCTION 

During flood events, it is essential to predict water depths 
accurately. For floods, a common choice is to perform a 
numerical simulation with 2D Shallow Water Equations 
(SWE) models. However, uncertainties arise when constructing 
a numerical model with these equations for real cases. The 
primary sources of uncertainties in flood modelling are the 
model inputs (boundary conditions, initial conditions, 
topography, and bathymetric data) and the physical processes 
modelled by the friction [1].  

To reduce uncertainties and accurately predict floods, 
models are calibrated. Calibration aims at adjusting uncertain 
physically based parameters (e.g., friction values) to fit 
measurements. For a long time, measurements were only water 
levels from stage gauging stations, gauge leashes, or aerial 
photographs. Still, satellite imagery can now get more 
distributed data on the floodplains. These measurements can be 
water depths, flood contour, and velocities, but we will focus in 
this work on water depths. Using distributed water depths for 
calibrating models may lead to significant improvements 
compared to using water depths only in the channel.  

The water depths and flood extent are usually very 
sensitive to the inlet discharge [2]. A stage gauging station at 
the inlet of the domain standardly allows one to reduce the 
uncertainty on the boundary and initial conditions strongly. 
Topography can now be known with a high degree of precision 
using modern numerical terrain models. Bathymetric data can 
be similarly known at the price of costly terrain measurements: 
we assume they are certain. So, the friction coefficients 
account for most of the remaining uncertainties which could be 
reduced by e.g., new data such as satellite images [2]. 

Data Assimilation (DA) aims to find the best compromise 

between observations and numerical models. This subfield of 

inverse problems, first applied to numerical weather 

prediction, is widely used in geosciences and hydraulics [3].  

This paper uses DA for inverse parameters estimation from 

observations and the outputs of a numerical model (e.g., water 

depths).  
This paper aims to compare and implement different 

algorithms of DA with parallelisation capabilities working with 
the TELEMAC-MASCARET software suite 
(www.opentelemac.org) and especially TELEMAC-2D. Most 
DA algorithms are designed for real-time updating of the 
states, but here we seek to evaluate parameters (distributed 
friction) fixed at the start of a simulation. 

Section II mathematically sets the parameter estimation 
problem. Sections III, IV, and V present various DA 
algorithms to tackle the issue. Section VI presents numerical 
results to compare the various algorithms in a schematic test 
case for a flood event under different configurations. Finally, in 
Section VII, the conclusions and perspectives of this work are 
presented.  

II. PROBLEM SETTING 

Two significant components define the inverse problem. 
On the one hand, uncertain measurements (e.g., water depths), 
and on the other hand, the numerical model simulating 
hydraulic states. Our goal is to estimate the distributed friction 
parameters of the model through a comparison between water 
depth measurements and the outputs generated by the 
numerical model. 
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A.  Setting of the parameter estimation problem 

    The evaluation of the model parameters uncertainties relies 

on limited information from the initial estimation of the 

parameters (including physical laws, previous simulations, 

expert opinions, etc) and imperfect measurements.  
Let ℳ be the non-linear numerical model depending on 

some control parameters 𝜽. Let 𝐱𝑘 ∈ ℝ𝑁x be the state vector 
i.e. the hydrodynamic variables at a time 𝑘 (the water depths 
and velocities computed in the numerical model). The state 
vector 𝐱𝑘 satisfies (1):  

 𝐱𝑘 =ℳ𝑘:𝑘−1(𝐱𝑘−1, 𝜽) + 𝜼𝑘   () 

where 𝜽 ∈ ℝ𝑁𝑝 are the model parameters (distributed friction 
in our case), ℳ𝑘:𝑘−1: ℝ𝑁x×𝑁𝑝 → ℝ𝑁x  is the model from time 𝑘 − 1 to 𝑘, and 𝜼𝑘 ∈ ℝ𝑁x are the model errors. 

Our objective is to estimate the parameters vector 𝜽 

knowing the observations 𝒚𝑘𝑜𝑏𝑠. We consider that these 
observations are noisy and are available at discrete times 𝑘. 
Considering that the errors are additive, the observation model 
is given in (2): 

 𝒚𝑘𝑜𝑏𝑠 = ℋ(𝐱𝑘) + 𝝐𝑘   () 

where 𝒚𝑘𝑜𝑏𝑠 ∈ ℝ𝑁𝑜𝑏𝑠  are the observations, ℋ:ℝ𝑁x → ℝ𝑁𝑜𝑏𝑠 is 
an observation operator mapping (selection, linear, etc) from 
model to observational space and 𝝐𝒌 ∈ ℝ𝑁𝑜𝑏𝑠 are the errors of 
observation. In most DA algorithms, we consider independent 
and identically distributed errors 𝝐𝑘~𝒩(𝟎, 𝑹𝑘) and 𝜼𝑘~𝒩(𝟎,𝑸𝑘). In this work, it is assumed that the model errors 
are null with 𝑸𝑘 = 𝑶𝑵𝐱,𝑵𝐱. 

From these two equations, the estimation problem is 
defined. In the parameter estimation problem, the goal is to 
improve the characterisation of parameters 𝜽. The problem can 
be written in a probabilistic framework from the random nature 
of uncertainties. Applying the Bayes’ theorem, it comes in (3): 

 𝑝(𝜽|𝒚𝑜𝑏𝑠) = 𝑝(𝒚𝑜𝑏𝑠|𝜽)𝑝(𝜽)𝑝(𝒚𝑜𝑏𝑠)  , () 

Equation (3) is at the core of the parameters estimation 

problem as it enables to estimate the distributions of the 

unknows 𝜽 based on the observations 𝒚𝑜𝑏𝑠.  It relies on the 

prior belief on the parameters 𝑝(𝜽), the likelihood of the 

observations to occur for different values of the unknows 𝑝(𝒚𝑜𝑏𝑠|𝜽) and the probability of the observations 𝑝(𝒚𝑜𝑏𝑠) 
independently from 𝜽.   

B. Shallow Water Equations with friction parameter 

All the simulations throughout this paper are conducted 
using the hydrodynamic module TELEMAC-2D solving the 
2D SWE [4-5]. This model represents the ℳ model from 
paragraph A. 

The conservative form of the equations write as follows in 
(4), where the system unknows are the velocities 𝒖 = (𝑢, 𝑣)𝑇 
along the 𝑥 and 𝑦 Cartesian coordinates, and the water depths 

ℎ = 𝜂 − 𝑧𝑏  with 𝜂 the free surface elevation and 𝑧𝑏 the bottom 
elevation, 

{ 𝜕ℎ𝜕𝑡 + ∇ ⋅ (ℎ𝒖) = 0𝜕(ℎ𝒖)𝜕𝑡 + ∇ ⋅ (ℎ𝒖⊗ 𝒖) = −𝑔∇𝜼 + ℎ𝑭𝜌 + ∇ ⋅ (ℎ𝜈𝑒∇𝒖) − 𝝉𝒃𝜌  () 

where 𝑭 are external forces (e.g., Coriolis, centrifugal, surface 
tension …), 𝜈𝑒 is the effective viscosity resulting from 
kinematic, turbulent and dispersive viscosity, and  𝝉𝒃 is the 
bottom shear stress. The water density 𝜌 and the gravitational 
acceleration 𝑔 are considered constant. No external forces and 
viscosity effects are considered in this work except the bottom 
shear stress  𝝉𝒃. 

In the Shallow Water Equations, the equations need closure 
for the bed shear stress component 𝝉𝒃 that is not analytically 
described as a function of ℎ and 𝒖. Different formulas are 
available in the literature, but the bed shear stress is often 
denoted as in (5), 

 𝝉𝒃 = 12 𝜌𝐶𝑓|𝒖|𝒖   () 

where 𝐶𝑓 is a dimensionless friction coefficient. The friction 

coefficient is based on empirical or semi-empirical formulas 
[6]. In these equations, different parameters are defined 
depending on the soil surface, the land use and other physical 
properties. 

The most widely used empirical formula is the Strickler 
formula [7] defined as in (6), 

 𝑉 = 𝐾𝑠𝑅ℎ23√𝑆0   () 

where  𝐾𝑠 is the Strickler coefficient (defined from tables, 
calibration …), 𝑅ℎ the hydraulic radius, 𝑉 the mean velocity of 
the cross section and 𝑆0 the bottom slope. There is an 
equivalent formula called the Manning formula mainly used by 

the Anglo-Saxon community with 𝐾𝑠 = 1𝑛 instead, 𝑛 being the 

Manning coefficient. 

This term in the equation induces energy dissipation due to 
the friction representing the water flow resistance caused by 
underlying surfaces. The energy losses directly impact the 
hydrodynamic variables. The friction parameter accounts for 
physical considerations such as surface roughness 
(irregularities of the bottom of the flow), channel irregularities 
or seasonal changes with growing vegetation, and phenomena 
such as turbulence or local errors in the topography. Thus, it 
remains difficult to estimate this parameter on a physical basis, 
and it should be adjusted with a calibration process by 
comparing water elevation and/or flood extent. 

In TELEMAC-2D the friction term is considered in the 
momentum equation from the SWE and is implicitly treated 
[4]. The two components of the bottom friction calculated in 𝑥 
and 𝑦 directions are given in (7), 
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 {𝜏𝑏𝑥 = 𝜌𝑢2 𝐶𝑓(ℎ, 𝐾𝑠)√𝑢2 + 𝑣2𝜏𝑏𝑦 = 𝜌𝑣2 𝐶𝑓(ℎ, 𝐾𝑠)√𝑢2 + 𝑣2   () 

where 𝐶𝑓 = 2𝑔ℎ1/3𝐾𝑠2 for the Strickler formula. 

In the parameter estimation problem, the unknown 
parameters 𝜽 that we aim to evaluate are the distributed 
frictions 𝐾𝑠 from (6). The hydraulic states 𝐱𝑘 at time 𝑘 are 
represented in the equations by the water depths compared at 
the position of water depth observations. For evaluating, the 
parameters based on the measurements, different DA 
algorithms are presented in the next sections. 

III. VARIATIONAL APPROACH: 3D-VAR 

 The first option for estimating the parameters from 
uncertain measurements and numerical models is to use a 
variational approach. The goal is to evaluate the unknowns by 
minimising a cost function quantifying the misfit between 
model predictions and measurements.  

Most DA methods assume that errors are approximated 

with Gaussian assumption. For parameter estimation, the most 

used function for this minimisation problem is defined in (8), 

 {  
  𝐽(𝜽) = 𝐽𝑏(𝜽) + 𝐽𝑜(𝜽)𝐽𝑏(𝜽) = 12 (𝜽 − 𝜽𝒃)𝑇𝑩−1(𝜽 − 𝜽𝒃) 𝐽𝑜(𝜽) = 𝟏𝟐 (𝒚𝒐𝒃𝒔 −ℋ(ℳ(𝜽)))𝑇 𝑹−1 (𝒚𝑜𝑏𝑠 −ℋ(ℳ(𝜽)))  () 

where 𝜽𝑏 is a background knowledge (a first guess on the set 
of unknown parameters), and 𝑩, 𝑹 are the background and 
observation error covariance matrices respectively. The 
proposed parameter estimation method is an extension for non-
linear models of the computation of the Maximum A Posteriori 
(MAP) of (3) without model errors. In the linear and Gaussian 

assumptions case, Equation (3) can be derived as 𝑝(𝜽|𝒚𝑜𝑏𝑠) ∝𝑒−𝐽(𝜽). Indeed, considering a Gaussian approximation, the 
prior distribution can be written as 

 𝑝(𝜽) = 1√(2𝜋)𝑁𝑝 det(𝑩) e(−12(𝜽−𝜽𝑏)𝑇𝑩−1(𝜽−𝜽𝒃)). () 

As for the likelihood, using Gaussian assumption with (1) and 
(2), it can be written as 

 𝑝(𝒚𝑜𝑏𝑠|𝜽) = 1√(2𝜋)𝑁𝑜𝑏𝑠 det(𝑹) e(−12(𝒚𝑜𝑏𝑠−ℋ(ℳ(𝜽)))𝑇𝑹−1(𝒚𝑜𝑏𝑠−ℋ(ℳ(𝜽)))).      () 

Finally, by combining (3), (9) and (10), we get (11) where the 
cost function appears: 

 𝑝(𝜽|𝒚𝑜𝑏𝑠) ∝ e(−(𝐽𝑏(𝜽)+𝐽𝑜(𝜽))) . () 

Equation (8) is the traditional data assimilation cost 
function called 3D-Var [8-9]. The 3D-Var algorithm is 

programmed without dynamic evolution, considering only one 
assimilation window. The method is exact in the case of a 
linear model ℳ. 

The cost function 𝐽(𝜽) from equation (8) should be 
minimised using an optimisation method. A gradient descent 
method is used which is available in the ADAO data 
assimilation library. From all the optimisation methods, we 
resort to the Broyden-Fletcher-Goldbarb-Shanno (BFGS) 
algorithm. The algorithm is based on the application of the 
Newton method to the gradient of 𝐽(𝜽). The algorithm is 
purely iterative as it explores a direction with a set of 
parameters and then updates the parameters before launching a 
new simulation. 

IV. FILTERING APPROACHES: ENSEMBLE-BASED 

APPROACHES 

Kalman filters are sequential DA techniques, and the 
uncertainty in the state/parameters evolves from one 
observation to another, unlike the 3D-Var approach.   

The Kalman Filter (KF) gives an exact solution of the 
Bayes problem in (3) for Gaussian errors and linear model 
assumptions (ℳ ≅ 𝑴 and ℋ ≅ 𝑯 with 𝑴 and 𝑯 being the 
tangent linear models). There are two different steps in the 
algorithm. First, the system’s future states and uncertainties are 
computed based on the current states and dynamic model. 
Secondly, an analysis step is carried out to refine the state 
estimate by combining the forecast and the 
observation with a linear combination of the available 
information. The solution is given in (12) and (13). More 
details on the derivation of the solution can be found in [10]. In 
the parameter estimation problem, we only update the 
parameters, not the states. The 𝑓 and 𝑎 superscript respectively 
denote for forecast and analysis. 

Forecasting step: 

During the forecast step, the goal is to propagate the system 
state using the dynamics of the system and evaluate the error 
covariance matrix of the forecast in (12).  

 { 𝐱𝑘𝑓 = 𝑴𝑘:𝑘−1𝐱𝑘−1𝑎𝑷𝑘𝑓 = 𝑴𝑘:𝑘−1𝑷𝑘−1𝑎 𝑴𝑘:𝑘−1𝑇 + 𝑸𝑘   () 

Analysis step: 

For the analysis, the goal is to find 𝑳𝑘 and 𝑲𝑘 (the Kalman 

gain) as 𝐱𝑘𝑎 = 𝑳𝑘𝐱𝑘𝑓 + 𝑲𝑘𝒚𝑘𝑜𝑏𝑠. We describe hereafter in (13) 

the analysis step for the optimal linear combination between 
the prior and the observations. In this case, it is the exact 
solution of (3) with 𝐱𝑘𝑎 having minimum variance and being 
unbiased. 

 { 
 𝜽𝑘𝑎 = 𝜽𝑘𝑓 + 𝑲𝑘(𝒚𝑘𝑜𝑏𝑠 −𝑯𝑘𝐱𝑘𝑓)𝑲𝑘 = 𝑷𝑘𝑓𝑯𝑘𝑇(𝑹𝑘 + 𝑯𝑘𝑷𝑘𝑓𝑯𝑘𝑇)−1𝑷𝑘𝑎 = (𝑰 − 𝑲𝑘𝑯𝑘)𝑷𝑘𝑓    () 
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However, the KF does not handle well non-linear models 
and is computationally expensive for covariance matrix 
estimations.  The Ensemble Kalman Filter (EnKF) is a possible 
extension with a reduced computation cost. Instead of having a 
single estimate of states/parameters, the EnKF uses an 
ensemble of possible states (called members) capturing the 
uncertainty in the estimation. The states are forwarded in time 
with the model (forecast) and then updated with the perturbed 
observations (analysis). The implementation is based on [11] 
(open source access) and summarised in Figure 1.  

Forecasting step: 

Each member 𝑖 ∈ [1, 𝑁𝑒] is forecasted from 𝑡𝑘 to 𝑡𝑘+1 with 
Equation (1) without model error, and then the covariance 
matrix 𝑷𝑘+1 and mean ensemble for the parameters are 
computed in (14).  

{𝑷𝑘+1(𝜽𝑘+1) = 1𝑁𝑒−1∑ (𝜽𝑘+1𝑖 − 𝜽𝑘+1̅̅ ̅̅ ̅̅ )(𝜽𝑘+1𝑖 − 𝜽𝑘+1̅̅ ̅̅ ̅̅ )𝑇𝑁𝑒𝑖=1𝜽𝑘+1̅̅ ̅̅ ̅̅ = 1𝑁𝑒∑ 𝜽𝑘+1𝑖𝑁𝑒𝑖=1 (14)        

Analysis step: 

To be in a comparable set-up as 3D-Var, the updating step is 
carried out only at the end of an observation window. The 
observation window is set to the simulation time, so the 
parameters (distributed friction) are not updated during a run. 

First the Kalman gain 𝑲 is computed below, 

 𝑲𝑘+1 = 𝑷𝑘+1𝑯𝑇(𝑯𝑷𝑘+1𝑯𝑇 + 𝑹)−1 . () 

Then the parameters are updated accordingly to: 

 𝜽𝑘+1𝑖,𝑎 = 𝜽𝑘+1𝑖 + 𝑲𝑘+1(𝒚𝑘+1𝑜𝑏𝑠 + 𝝐𝑘𝑖 −𝑯𝐱𝑘+1𝑖 ). () 

 

Figure 1. Sketch illustrating EnKF extracted from [11]. 

V. PARTICLE FILER WITH RESAMPLING 

Particle Filter (PF) solves Bayes’ equation (3) based on a 
sequential Monte Carlo method without linear model or 
Gaussian error assumptions. The goal is to use a set of random 
samples (called particles) to get a direct solution of (3). The 
simplest version is the bootstrap Particle Filter introduced in 
[12]. From this basic version, we added resampling with 

Kernel Density Estimation (KDE) for creating an iterative 
calculation chain.  

The methodology is declined step by step. Each simulation 
can be parallelised, and all the particles can interact with each 
other at the observation time step. 

1) Initialisation: Sampling procedure for the prior 
distribution 

The first step is to sample 𝑁𝑒 ∈ ℝ  particles [𝜽1, . . , 𝜽𝑁𝑒]. 
The parameter vector (𝜽𝑖)1≤𝑖≤𝑁𝑒 ∈ ℝ𝑁𝑝 is a realisation of the 

prior distribution (the first guess) based on expert opinions, 
physical laws or previous simulations. The particles are drawn 

from 𝒩(𝜽𝑏 , 𝑩). The probability density function of the 
parameter at time 𝑘 is represented in (17): 

 𝑝𝑘(𝜽) ≅ ∑ 𝑤𝑘𝑖𝛿(𝜽 − 𝜽𝑘𝑖 )𝑁𝑒𝑖=1  , () 

where 𝑤𝑘𝑖 ∈ ℝ𝑁𝑝 is the weight of particle 𝑖 (or likelihood of the 
particle) at time 𝑘 and 𝛿 is a Dirac function (𝛿(0) = 1). At 
initialisation, usually a uniform weight is considered with 𝒘0 = [𝑤0 1 , … , 𝑤0𝑁] = [ 1𝑁𝑒 , … , 1𝑁𝑒]. 

2) Forecasting the particles 

During the forecast step, each particle is forwarded with the 
numerical model until the next observation as in (18), 

   𝑝𝑘+1(𝜽) ≅ ∑ 𝑤𝑘𝑖 𝛿(𝜽 − 𝜽𝑘+1𝑖 )𝑁𝑒𝑖=1  ,    () 

where 𝜽𝑘+1𝑖 =ℳ𝑘+1:𝑘(𝐱𝑘, 𝜽𝑘) = 𝜽𝑘𝑖 . In the case of the model 
parameters and friction coefficients, the parameters are not 
updated during a simulation. For the parallel implementation, 
each particle is forwarded until the next observation using 𝑅𝑢𝑛𝑠𝑖𝑧𝑒 processors. All the particles are run simultaneously 
when using 𝑅𝑢𝑛𝑠𝑖𝑧𝑒 × 𝑁𝑒 processors otherwise the maximum 
of particles is launched and when the next time step of 
observation is reached the processors are used for other 
particles waiting in the queue, so that every particle reaches the 
observation step for the analysis step and before forwarding the 
model to the next observation. 

3) Analysis step 

During this step, the weights of the particles are updated 
according to (19), 

    𝑤𝑘+1𝑎,𝑖 ≅ 𝑤𝑘+1 𝑓,𝑖 𝑝(𝒚𝑘+1𝑜𝑏𝑠 |𝐱𝑘+1𝑖 , 𝜽𝑘+1𝑖 ) , () 

where in this case 𝑤𝑘+1 𝑓,𝑖 = 𝑤𝑘𝑎,𝑖 , because the forward model 

does not change the weights. The choice of the likelihood 𝑝(𝒚𝑘+1𝑜𝑏𝑠 |𝐱𝑘+1𝑖 , 𝜽𝑘+1𝑖 ) is an open question. We choose a 
Gaussian likelihood (with assumption of independence 
between the observations, uncorrelated in time and in space) 
defined in (20), so that it can be compared with the other DA 
algorithms based on Gaussian errors: 

    𝑝(𝒚𝑘+1𝑜𝑏𝑠 |𝐱𝑘+1𝑖 , 𝜽𝑘+1𝑖 ) = ∏ 1𝜎𝑙√2𝜋 𝑒−12(𝐱𝑘+1𝑖,𝑙 −𝒚𝑘+1𝑙𝜎𝑙 ) 𝑁𝑙=1 , () 
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where 𝑁 is the number of spatial observations, 𝜎𝑙 is the 
standard deviation of observation 𝑙 ∈ [1; 𝑁] considered 
constant for all spatial observations in the following. 

Each particle weight is updated by comparing the water 
depths of the control vector of the numerical model and the 
observations. After that, all the processors communicate to 

normalise the weights so that ∑ 𝑤𝑘𝑎,𝑖 = 1.𝑁𝑒𝑖=1  

4) Resampling after each simulation 

A well-known problem of PF is the curse of dimensionality, 
with one or few particles weights’ largely dominating the 
others after some observations leading to poor distributions 
characterisation. At each new observation, and iteration, the 

parameters 𝜽𝑖  are resampled using KDE and the weights are 
reset to 1/𝑁𝑒. Then, after resampling we get back to step 2. 
The whole process can be visualised in Figure 2. 

 

Figure 2. Schematic of PF with resampling extracted from [10]. 

VI. NUMERICAL STUDIES 

In this section, the three DA algorithms are compared on a 
simple test case of flood under different configurations. The 
experiment is based on a numerically generated synthetic 
experiment, where the parameters' true values and the 
hydraulic variables’ states are known. We resort to a synthetic 
experiment to have control over the test case and to focus on 
the numerical comparison and implementation of the 
algorithms.  

A. Definition of the test case 

1) Geometry 

The test case is based on a 100 m wide and more than 10.25 
km long channel with floodplains on both sides. On the 
floodplains, a constant slope along the 𝑦 Cartesian coordinates 
is set to 𝑆𝑓𝑝 = 0.002 𝑚/𝑚. Along the channel in the 𝑥 

direction, the slope is fixed to 𝑆𝑐ℎ𝑎𝑛𝑛𝑒𝑙  =  0.001 𝑚/𝑚. The 
crest of the channel delineation with the floodplain has a slope 𝑆𝑏1 = 0.0012 𝑚/𝑚 until halfway of the reach and then 𝑆𝑏2 =0.0008 𝑚/𝑚. Under these considerations, the channel depth is 
lower at 𝑥 =  5000 𝑚, so it overflows in the middle without 
having much sensitivity to the boundary conditions.  The 
channel section is trapezoidal, transitioning from the bank to 
the channel elevation on 10 m. Figure 3 describes the 

geometric configuration at three cross-sections along the 
numerical domain.  

 

 

 

Figure 3. Elevation along a cross-section at 𝑥 =  0 𝑚 (top), 𝑥 =  5000 𝑚 

(middle) and 𝑥 =  10 000 𝑚 (bottom). 

The mesh is composed of 477 371 unstructured triangular 
elements. The number of elements may appear high for a test 
case, but the goal was to use a similar number of elements as in 
industrial application cases. The mesh is refined with different 
resolutions (prior mesh convergence has been carried out 
making sure the mesh is fine enough for our test case) from 2 
m in the transition zone between the channel and the 
floodplains up to 15 m at the floodplain. As for the channel, the 
mesh resolution is of 5 m. 

2) Initial conditions, inputs, and numerical considerations 

For the upstream boundary condition of the model, we use 
a linear flow rate from 30 𝑚3 ⋅ 𝑠−1 to 620 𝑚3 ⋅ 𝑠−1 for the first 
five minutes. Then the discharge is constant at 620 𝑚3 ⋅ 𝑠−1. 
For the downstream condition, the depth is imposed with a 
linear rating curve with water depths between 0.5 m and 3.3 m 
for the respective discharges. The total simulation time is of 2 
hours 30 (steady state is not reached). An overflow is modelled 
with changing water height during the simulation over the 
floodplain (by starting from a low discharge steady state). 

3) Friction zoning and generated observations 

In this case, three friction zones are considered with one 
friction for the channel and one friction zone on each side of 
the river channel. In the sloped regions between the channel 
and the floodplains, the friction is the same as the channel. The 
water depth observations are generated from the simulations 

with an initial guess of Strickler coefficients (in 𝑚1/3 ⋅ 𝑠−1 ) 
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equal to [(𝐾𝑠𝑏)1;  (𝐾𝑠𝑏)2;  (𝐾𝑠𝑏)3] = [30; 20; 10] with the 
zoning defined in Figure 4.  

 

Figure 4. Roughness zones for the synthetic experiment. 

From the reference simulation with the three friction zones, 
water depths are extracted at each mesh node at different times.  

We consider two observation networks. A first approach 
OBS9 considers only 9 observation points (3 in the channel, 3 
in the right floodplain, and 3 in the left floodplain). For the 
second configuration, two other points are added to the 
observation network (one in each floodplain) called OBS11 in 
the following. In Figure 5, the observation networks with 9 
(OBS9) and 11 (OBS11) points are visualised. 

 

Figure 5. Observation network for the different DA experiments. 

The water depths extracted from the synthetic experiment 
with the reference Strickler values are disturbed by considering 
different noise levels (adding a Gaussian noise to every 
observation). The water depths without noise at the different 
control points of OBS9 and OBS11 are visualised in Figure 6 
for the reference simulation. 

 

Figure 6. Water depths every 15 minutes at the OBS9 and OBS11 control 

points. 

B. Software tools 

Parameter identification under a probabilistic framework 
combined with optimisation and free-surface flows 
computation requires the call to different modules. Thus, 
external or internal libraries to TELEMAC-MASCARET are 
available to gain real-time interaction capabilities with the 

TELEMAC-2D simulations, enabling on-the-fly adjustments 
and optimisations. In this work, the TELEMAC-2D solver 
(version V8P4) is coupled with TelApy, a module of the 
TELEMAC-MASCARET system, and ADAO, a Python data 
assimilation library (https://pypi.org/project/adao/).  

1) The TelApy component of the TELEMAC system 
One of the strengths of the TELEMAC-MASCARET 

software is the possibility to interact with the code during the 
simulations through Application Programming Interfaces 
(APIs) implemented for each module. The TelApy component 
is a Python source code wrapping the Fortran APIs [13-14]. 
The APIs provide the user with flexibility by allowing the 
control of the simulations while they are running. At any time 
during the simulation, the user can stop the simulation and 
retrieve or change the variables of the simulations through a 
list of variables declared as pointers. Thanks to that 
component, it is easier to implement a complete and efficient 
chain of calculations for parameter estimation under 
uncertainties. This component has been widely used to 
implement data assimilation strategies for parameter estimation 
or conjointly with the data assimilation library presented 
hereafter. In this work, TelApy is used for the three presented 
algorithms. 

 

2) The Data Assimilation library (ADAO) 
The variational approach described previously has been 

used through the Data Assimilation library called ADAO [8]. 
The ADAO module aims to simplify and provide different data 
assimilation and optimisation methodologies while being able 
to interact with other modules or codes in Python or SALOME 
(a scientific computing environment developed by EDF and 
CEA for industrial applications from mesh to post-treatment). 
It is used for various applications in the engineering field and 
provides a ready-to-use interface for users with an adapted 
implementation for industrial cases. 

C. Results 

1) DA variational algorithm: 3D-Var 

The initial state of the friction parameters is set to 𝜽𝑏 =[(𝐾𝑠𝑏)1;  (𝐾𝑠𝑏)2;  (𝐾𝑠𝑏)3] = [35; 12; 18] with 𝑩 = 100 ⋅ 𝑰𝟑 as 
background covariance errors. The parameters are constrained 

between 5 𝑚1/3 ⋅ 𝑠−1 and 90 𝑚13 ⋅ 𝑠−1 and the differential 
increment is imposed arbitrarily to 10−2 for computing the 
observation operator approximated derivatives. 

The results are not sensitive to the initial state, and the 
approach on the test case was robust for any initial state with a 
similar number of iterations for convergence.  

The 3D-Var algorithm is studied with different observation 
configurations (OBS9 and OBS11), different noising of the 

observations (𝜎𝑜𝑏𝑠 = 0.05 / 0.1 / 0.2 𝑚) and different 
numbers of observation times (2, 10).  

The roughness at the floodplains has low sensitivity to the 
water depth observations. Therefore, the water depths are 

noised with a small standard deviation of 𝜎𝑜𝑏𝑠 = 0.05 𝑚 with 𝑹 = (𝜎𝑜𝑏𝑠)2 ⋅ 𝑰𝑵𝑜𝑏𝑠. Two observation times (#𝑇𝑜𝑏𝑠 = 2) are 

considered with T = [1h15, 2h30]. We compare configuration 
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OBS9 (9 points) and configuration OBS11 (11 points) in 
Figure 7. 

 

Figure 7. Comparison of parameter estimation for the three friction zones with 

two different observation networks OBS9 and OBS11 and 𝜎𝑜𝑏𝑠 = 0.05 𝑚. 

In Figure 7, after a few iterations the channel roughness 
value is identified. For the floodplain coefficients it needs more 
iteration because of the lower sensitivity on the water depths. 
For OBS9, the floodplain parameters could not be identified 
correctly. Adding two more observation points in the 
floodplains improved the identification especially for (𝐾𝑠)2. It 
is essential to choose the observation points carefully to 
identify the parameters of the floodplains. (𝐾𝑠)3 is more rough 
leading to lower velocities and slower changes. This coefficient 
is more difficult to identify because of lower sensitivity (for 
information, switching the roughness values for (𝐾𝑠)2 and 
(𝐾𝑠)3 leads to similar results with a better identification of the 
rougher zone).   For further investigations OBS11 is used. 

 

Figure 8. Comparison of parameter estimation for the three friction zones with 

OBS11 with 𝜎𝑜𝑏𝑠 = 0.05 𝑚, 𝜎𝑜𝑏𝑠 = 0.1 𝑚 and 𝜎𝑜𝑏𝑠 = 0.2 𝑚. 

In Figure 8 parameter estimation is compared for different 

noising values of the observed water depths. Up to 𝜎𝑜𝑏𝑠 =0.1 𝑚 the parameters are identified, but the floodplain 
parameters are far from the reference for higher values. With 
higher standard deviation on the measurement errors, we get 
almost no information from the measurement as a change in 
the roughness leads to low water changes compared to 
measurement errors.  

Another test was to add times of observations. Instead of T 
= [1h15, 2h30], observed water depths are acquired every 15 
minutes (10 observations). In Figure 9, the identification of the 
parameters is slightly comparable by adding more temporal 
observations. The channel is closer to the reference as well as (𝐾𝑠)3. For (𝐾𝑠)2 the identification is a bit worse. For that test 
case, adding temporal observations does not change much the 
identification of the parameters. Considering the Gaussian 
uncertainties on the measurements, the differences between the 
two experiments are insignificant.  

 

Figure 9. Comparison of parameter estimation for the three zones with 

configuration 2, 𝜎𝑜𝑏𝑠 = 0.1 𝑚 and different number of temporal observations. 

With only two temporal observations, it is possible to 
evaluate the roughness values because the water depths at these 
time steps are sensitive to all the roughness zones. The 
floodplain values are not identified for other sets of two 
temporal observations as T = [1h00, 2h00] instead of T = 
[1h15, 2h30]. It is probably because at these time steps the 
water depths for the added points for OBS 11 configuration are 
zero (no sensitivity yet from the roughness), as shown in 
Figure 6. 

In every case, the cost function no longer reduces after 20 
iterations (one iteration corresponds to four simulations for 
exploring the three parameters). When adding temporal 
observations, the convergence is faster with more information 
available. For this case, twenty iterations represent 2h40 of 
computing time on 96 processors (Intel(R) Xeon(R) Platinum 
8260 CPU @ 2.40GHz) on the CRONOS Cluster from EDF. 

2) Ensemble Kalman Filter (EnKF) 

For EnKF the error is propagated on the parameters 
(distributed friction), and they are updated at the end of an 
assimilating window (smoothing processing). The assimilation 
window is set to the simulation time to be comparable with 
3D-Var. According to the 3D-Var investigations the OBS11 

observation network with a noise value of 𝜎𝑜𝑏𝑠 ≤ 10 𝑐𝑚 for 
the observations are chosen for the comparison. EnKF relies on 
the number of members chosen to represent the possible states 
and the number of temporal observations. The initial state 

members are drawn from a multivariate Gaussian 𝒩(𝜽𝑏 , 𝑩) 
and the parameters are bounded as in 3D-Var. We explore the 
role of the number of temporal observations and the ensemble 
size. 
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The algorithm is inefficient at evaluating the parameters for 
only two temporal observations. This can be explained by the 
fact that it is a sequential DA algorithm. With only two 
observations, there are not enough steps to converge towards 
the reference parameters. Therefore, 10 observations every 15 
minutes are used instead. Figure 10 describes the evolution of 
the mean Strickler values for 25 and 100 ensemble sizes and 

configuration OBS11 with observation noise of 𝜎𝑙 = 0.1 𝑚 
and 10 temporal observations. 

 

Figure 10. Evolution of the mean parameters’ values for the three zones with 

configuration OBS11, 𝜎𝑜𝑏𝑠 = 0.1 𝑚 for different ensemble sizes (25 and 100) 

of EnKF. 

For EnKF with several temporal observations, it is possible 
to identify the coefficients on the floodplains. As for 3D-Var 
the channel and the right floodplain are well identified at the 
end of the simulations for 𝑁𝑒 = 100. For a smaller ensemble 
size 𝑁𝑒, the identification of the channel value is not as good, 
and it impacts the floodplain identification. Indeed, as the 
Strickler value is higher for the channel, the floodplain 
parameter values are lower to compensate.  Having enough 
members is essential to sample correctly the search space. If 
not, the algorithm may diverge to another solution that is 
considered equally good, considering the uncertainties.  

The algorithm works better for steady state as described in 
[11]. However, by doing an analysis step only at the end of the 
assimilation window, it can work for non-steady-state 
simulations if the parameters are not updated during the 
simulation.  

Attempts to add more temporal observations did not lead to 
a better identification of the parameters. As for the comparison 
with 3D-Var, the identified coefficients for (𝐾𝑠)1 and (𝐾𝑠)2 
are similar and the same identification problem for the third 
zone is encountered. The disadvantage of EnKF compared to 
3D-Var is the need for more observations to get similar results, 
at least in this test case. 

3) Particle Filter 

Again, the OBS11 observation network with a noise value 

of 𝜎𝑜𝑏𝑠 = 10 𝑐𝑚 for the observations and 2 observation times 
are chosen. The particles are drawn from a multivariate 

Gaussian 𝒩(𝜽𝒃, 𝑩) and the parameters are bounded as in 3D-
Var. 

Without resampling we identify only the channel roughness 
as the water depth is very sensitive to the chosen control points 
to channel roughness and not floodplains (see Figure 11). The 
weight of a particle is unique, so it privileges the identification 
of the channel parameter. Furthermore, in most cases, the 
weight of one particle dominates the other, so the posterior 
distribution is not very well described.  

 

Figure 11. After first iteration of the Particle Filter with 100 particles. 

Thus, we apply the Particle Filter iteratively by using the 
new posterior distribution for each parameter and use it as prior 
for a new iteration after resampling. After the first iteration, the 
variance of the Strickler parameters is low compared to the 
floodplains, so it is better identified. Then, at the next iteration, 
with resampling, the search space is drastically reduced for the 
channel parameter value compared to floodplains. The 
identification of the floodplains values is easier. Therefore, for 
the channel, which was greatly identified, the variance is low, 
and in the next iterations, the prior distribution is more 
centered on the predicted channel value, and thus it can focus 
on the identification of the coefficients from the floodplains by 
having high-density sampling around the channel reference 
value with low variance. In Figure 12 the channel parameter is 
well identified with a distribution around it (underestimating 
slightly the parameter), and the floodplains posterior 
distributions for the roughness are not centered on the 
reference but are near the value of the reference.   

 

Figure 12. After five iterations of the Particle Filter with 100 particles. 
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The number of particles at the initialization also plays a 
role in exploring the set of parameters. When using more 
particles at the start, more sets of parameters are explored, so 
that the resampling might be more efficient. 

However, with the iterative process and resampling, if the 
set of samples grasps the suitable parameters at first, it can 
converge quickly and give similar results. In Figure 13, it can 
be seen with the same number of iterations and only 25 
particles instead of 100 showing the importance of the initial 
sampling. For other initial samples, 25 particles may not be 
enough to converge to the reference values. 

 

Figure 13. After five iterations of the Particle Filter with 25 particles. 

When having more temporal measurements, floodplain 
values are difficult to find in this inverse problem because for 
most observation time steps, only the channel roughness 
influences the water depths at the control points. Furthermore, 
looking more closely at the water depths, the tricky point is 
that different parametrisations of the roughness may lead to the 
same output when comparing observations and models; it is 
called equifinality [15]. 

VII. CONCLUSION 

In this paper, different methodologies for parameter 
estimation were carried out on a simplified but real-world 
dimensioned test case. It shows the potential of using 
observations combined with numerical models to improve the 
characterisation of friction parameters for flood studies. The 
TELEMAC-MASCARET software linked with ADAO and 
TelApy can lead to a faster learning curve for the user for Data 
Assimilation. It is possible to implement other DA algorithms, 
as it was the case with the implementation of the Particle Filter 
with resampling and parallelisation capabilities. 

The 3D-Var algorithm was more adapted for parameter 
estimation under uncertainties on the test case. It was shown 
that identifying the three parameters was possible up to a 
specific error of observations. When the number of temporal 
measurements increases, the performance decreases, so it 
might be interesting to compare it with a 4DVAR approach to 
consider the dynamic evolution of the model. Another finding 
is the importance of the observation network. Indeed, adding 
two observation points on the floodplains where the water 
height was more sensitive to the friction of the floodplains at 
specific time steps led to a most straightforward estimation.  

As for the EnKF, it proves to be adapted when enough 
temporal observations are available. It should be used with a 
smoothing procedure by updating the parameters at the end of 
an assimilation window and not at each observation (to 
compare it with the other algorithms).  

The Particle Filter reaches better results than the prior 
distribution and enables the practitioner to know the 
uncertainties through a posterior distribution of the parameters 
given the uncertainties. However, using a Particle Filter with 
resampling in an iterative process requires much computation. 
The resampling procedure must be improved, so that the 
algorithm keeps exploring a wider set of samples, as it tends to 
explore a very restricted range of values when converging. The 
hyperparameter in the resampling method may be adapted to 
reach better performance.  

For the number of calls to the TELEMAC-2D code, 
between the Particle Filter, EnKF, and 3D-Var, the latter is 
more efficient in general. For similar results, 3D-Var needed 
around 80 calls to the code, while PF needed 500 calls for five 
iterations with 100 particles and 125 with 25 particles (5 
iterations of the PF). It is difficult to compare the number of 
calls to the code between the two methods as it depends on the 
number of chosen particles for the PF and the initial sampling. 
For the EnKF around 100 calls to the code were necessary to 
identify the parameters, but it was working only with ten 
temporal observations instead of two for the 3D-Var. The 
advantage of the PF and EnKF is that we can launch the 
particles in parallel.  

In perspective, the methodologies should be conducted on 
real-world applications to evaluate different DA algorithms 
with a complete review of the available parameters to evaluate 
their performance. In the PF there is a need to work on the 
resampling procedure and the definition of the likelihood 
between the observations and the model predictions. 
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7.3 Water depth assimilation on Garonne River

The objective of this section is to assimilate water depth őelds from a real case study
on the Garonne River to improve the characterization of a spatially varying roughness
őeld. The same study area and satellite observations as in Chapter 6 are used for the
2021 ŕood event. This aims to constrain the hydraulic model more by assimilating water
depth őelds derived from satellite observations, rather than ŕood maps. In particular,
the spatial distribution of water depth measurements and the observation errors impact
on the calibration were evaluated, since they had a signiőcant impact on the Strickler
estimates in the schematic test case in Section 7.2.

7.3.1 Water depth observations

As discussed in Section 7.2, the number and spatial distribution of water depth mea-
surements play an important role in recovering the true parameter őeld with automatic
calibration strategies. Then, in this study, two observation conőgurations are considered
for the assimilation of water depth.

In the őrst conőguration, a total of 100 observation locations were selected randomly
within the segmented ŕooded areas derived from the two satellite acquisitions. For the
two observations, the locations of the randomly selected points are reported in Figure 7.1.

(a) (b)

Figure 7.1: Selected water depth observation locations for conőguration 1 on the
Garonne River: (a) February 2, 2021, at 17:56 UTC, and (b) February 3, 2021, at 17:48
UTC.

In the second conőguration, a reduced number of 20 observation locations were con-
sidered and are shown in Figure 7.2. In contrast to the őrst conőguration, these locations
were selected manually based on hydraulic considerations. The evaluation of water depth
estimation methods using ŕood maps in Chapter 4 revealed that larger errors tend to oc-
cur in regions with steep topography or complex irregular ŕood boundaries, for all water
depth estimation methods (FwDET, FLEXTH, and the cross-section approach). The 20
locations from conőguration 2 were placed in ŕatter areas where the ŕood extent appears
relatively smooth. Thus, this conőguration focuses on regions where water depth estima-
tion is more accurate with reduced observation errors. The impact of these conőgurations
on the estimation of the roughness őeld was evaluated.
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Figure 7.2: Selected water depth locations for the second conőguration for water depth
assimilation.

Similar to the assimilation of ŕood maps on the Garonne River in Chapter 6, two
approaches were used for generating the observations for the assimilation. First, for the
two conőgurations described in this section, the water depth őelds were generated using
the simulated results from a twin experiment. The second approach used water depth
őelds generated based on SAR observations of the ŕood event. The processing of the
observation for both cases is described in Sections 7.3.1.1 and 7.3.1.2.

7.3.1.1 Synthetic Observations from a Twin Experiment

The hydrodynamic model is simulated for a őxed reference Strickler value, using the same
reference values as the twin experiment for the assimilation of ŕood maps in Chapter 6.
The simulated water depths at the two observation times (February 2, 2021, at 17:56
UTC, and February 3, 2021, at 17:48 UTC) are retrieved. These water depth őelds
are interpolated at the 100 observation locations for conőguration 1 and 20 observation
locations for conőguration 2.

7.3.1.2 Water Depth Observations derived from Satellite Imagery

The water depths at the observation locations were generated based on SAR imagery. For
each satellite observation, a ŕood map was generated, consisting of a grid of pixels of size
Nx ×Ny. In this chapter, ŕood maps were generated using local thresholding techniques,
as described in Section 6.2. The ŕood maps are combined with a DEM to estimate a water
depth őeld for the ŕooded regions. Based on the analysis of the water depth estimation
methods applied to the Garonne River case, we used the FLEXTH method [Betterle and
Salamon, 2024] with the optimized hyperparameter conőguration presented in Chapter
4. More details on the FLEXTH method can be found in Section 4.2. In Figure 7.3, the
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generated water depth őelds are reported for the two acquisition times during the 2021
ŕood event. The water depths for the conőguration with 20 or 100 water depth sampling
locations were then extracted from these water depth őelds.

(a) (b)

Figure 7.3: Generated water depth őelds with FLEXTH method on the Garonne River:
(a) February 2, 2021, at 17:56 UTC, and (b) February 3, 2021, at 17:48 UTC.

7.3.2 Sensitivity analysis

The number of parameters was reduced using sensitivity analysis techniques described
in Chapter 3. At the two observation times, a sensitivity study was conducted on the
simulated water depth at the observation locations deőned in Section 7.3.1. Total-order
Sobol indices (TSI) are computed for each scalar output (i.e., each water depth location
and observation time) with PCE as described in Sections 3.2.3.2 and 6.2. The surrogate
models to compute the Sobol indices were trained on 6,000 simulations and validated on
an independent set of 2,000 simulations.

Figure 7.4 presents the total-order Sobol indices computed across the ŕoodplain sub-
domains for a single observation location in conőguration 1, at the two observation times.

(a) (b)

Figure 7.4: Total-order Sobol indices computed on the 92 ŕoodplain subdomains for the
water depth simulated at one location for (a) February 2, 2021, at 17:56 UTC, and (b)
February 3, 2021, at 17:48 UTC.

At the őrst observation time, the water depth at this point is mainly inŕuenced by the
Strickler value of the downstream subdomains. For the second observation time, again,
three subdomains have high Sobol with two inŕuential subdomains downstream and one
upstream. The inŕuential subdomains are mainly the larger ones in the study area,
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which have a greater impact on the propagation of the ŕood. The spatial distribution of
sensitivity highlights how the inŕuence of roughness parameters can vary signiőcantly over
time, likely due to the dynamics of the ŕood and the direction in which it is propagating.

In the assimilation process, all the observed water depth measurements are assimilated.
Then, the inŕuential parameters for at least one of the water depth locations are conserved
for the data assimilation step. Figure 7.5 summarizes the subdomains with TSI > 0.05 for
at least one of the locations for the two acquisition times for conőguration 1. For February
2, 2021, őve subdomains are inŕuential, and four are inŕuential on February 3, 2021. For
the DA step described in Section 7.3.3, the őve subdomains are calibrated since they are
either inŕuential on February 2 or February 3 water depth outputs. Therefore, the number
of parameters to calibrate is reduced in the DA step. For the second conőguration with
20 observation locations, the same őve subdomains are inŕuential and calibrated.

(a) (b)

Figure 7.5: Subdomains with total-order Sobol indices higher than 0.05 for (a) February
2, 2021, at 17:56 UTC, and (b) February 3, 2021, at 17:48 UTC.

7.3.3 Data assimilation

The assimilation of the water depth őeld is carried out using the classical 3D-Var described
in Section 3.6. We recall the cost function to minimize writes as:

J(θ) = Jb(θ) + Jo(θ)

= (θ − θb)TB−1(θ − θb) + (yobs −H(M(θ)))TR−1(yobs −H(M(θ))),
(7.1)

where θ is the roughness parameter vector to calibrate (reduced set from sensitivity
analysis), θb is the background knowledge, yobs is the vector of water depth observations
at either 20 or 100 locations for the two acquisition times and H(M(θ)) is the projection
of the TELEMAC-2D outputs to the observation space to compare the simulated water
depths with yobs. The 3D-Var was initially designed for static problems; however, we
consider here that all observations are assimilated as if they were observed at the initial
time t = 0.

The cost function is minimized using the L-BFGS-B algorithm [Byrd et al., 1995] and
via őnite differences to compute the gradient. The number of maximum iterations is
őxed to 20, and the algorithm stops if there is a variation of less than 10−2 in the cost
function between two iterations. For all experiments, the parameters in the ŕoodplains
are bounded between a Strickler of 5 and 50 m1/3 · s−1. The background covariance
matrix is őxed to B = 100INobs

where INobs
is the identity matrix of size Nobs based on the
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Strickler values found in the literature [Barnes, 1967; Chow, 1959]. For the observation
covariance matrix, different values of R are tested in the twin experiment, and for the
real experiment, the R value is őxed based on empirical estimates of the errors.

7.3.3.1 Twin experiment

First, the synthetic observations were assumed to be noise-free, setting the observation
error covariance matrix to a low value, such as R = 10−10INobs

. For the őve calibrated
subdomains, we őrst evaluated the convergence of the 3D-Var algorithm to the true values
and tested the robustness of the method to the initial guess using 10 initial guesses. The
algorithm starts from θb randomly drawn from a uniform distribution U(5, 50).

Figure 7.6 shows the evolution of the mean estimates of the Strickler values (for the
10 runs) in the őve subdomains over iterations of the 3D-Var method.

(a)

(b)

0

Figure 7.6: Mean estimates of the Strickler values over the 10 initializations in the őve
subdomains over iterations of the 3D-Var, for (a) conőguration 1 with 100 observation
locations and (b) conőguration 2 with 20 observation locations. The error bars represent
the standard deviation of the estimates on the 10 runs.
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For both the conőguration and the őve subdomains, the algorithm converges to the true
values with a varying number of iterations, depending on the subdomain. The subdomains
1 and 2 converged after a few iterations, while the other subdomains converged after more
than 10 iterations to the true values. Subdomains 1 and 2 are the most inŕuential on the
water depth observations, explaining their faster convergence to the true values.

When the water depth observations are observed without noise in the ŕoodplains, it
is possible to calibrate the Strickler values in the larger zones (more inŕuential zones on
the simulated water depth őeld) of the study area. For conőguration 1, the convergence
is faster in subdomains 3 and 4 than in conőguration 2, and inversely for subdomain 5 by
a few iterations. These differences are mainly due to the distribution of the locations in
the study area. However, overall, the second conőguration is sufficient for calibrating the
ŕoodplain roughness with perfect observations.

7.3.3.2 Impact of observation errors

The DA framework is evaluated with observation errors using different levels of Gaussian
noise on the synthetic water depth observations. The observation error covariance matrices
writes as R = (σobs)2INobs

, and noise levels varying between 10 cm and 1 m, such that
σobs ∈ {0.1 m; 0.2 m; 0.5 m; 1 m}. These experiments aim to evaluate how close the
parameters can be calibrated to the reference, given the observation errors, and determine
the compromise between background knowledge and observation for varying noise levels.

Figures 7.7 and 7.8 present the evolution of the mean Strickler values over iterations for
conőguration 1 (100 observation locations) and conőguration 2 (20 observation locations),
respectively. For each noise level, 10 assimilation experiments are carried out with varying
initializations θb. For all noise levels, the same 10 initial guesses are used.

Figure 7.7: Evolution of the mean Strickler values (over the 10 runs) over 3D-Var
iterations for conőguration 1, using 100 observation locations. Results are shown for
varying observation errors across subdomains 0 to 3.

For both spatial sampling conőgurations, the algorithm converges to the true value
in each subdomain for perfect observations, as shown in Figure 7.6. Overall, for conőgu-
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Figure 7.8: Evolution of the mean Strickler values (over the 10 runs) over 3D-Var
iterations for conőguration 2, using 20 observation locations. Results are shown for
varying observation errors across subdomains 0 to 3.

ration 1 with more sampling locations, the estimates after 20 iterations are closer to the
reference, even with higher levels of noise, particularly for subdomains 1 and 2. The bet-
ter robustness to noise can be attributed to the larger number of observations, with more
information. When R is large (high noise), the observation term in the cost function is
weakened, but a large Nobs compensates by reinforcing the sensitivity of the cost function
to the observation term. In subdomains 0 and 3, the estimates of the Strickler value are
similar, meaning that the higher spatial density did not improve the characterization of
the Strickler values.

Up to σobs = 50 cm, the Strickler estimates in subdomain 1 and 2 are near the true
values for conőguration 1 and up to σobs = 20 cm for conőguration 2. For higher σobs,
the estimates are further from the true values. For subdomains 0 and 3, the calibration
of the Strickler values is more subject to the observation error, with estimated Strickler
values higher than 12.5 m1/3 · s−1 for all noise levels. However, it can be noted that for
lower σobs, the estimates are generally closer to the reference than for higher σobs.

The results of the observation errors in the twin experiment suggest that both the spa-
tial sampling and quality of the observations impact the performance of the DA framework
for estimating the Strickler values in the sensitive subdomains of the study area. A high-
density observation conőguration (conőguration 1) can partially compensate for larger
observation errors, whereas a low-density conőguration (conőguration 2) requires higher
accuracy to achieve reliable parameter estimates.

In the following, the assimilation of water depth observations for the two conőgurations
is evaluated on the real experiment. The empirical estimates of observation errors are used.
Therefore, for conőguration 1, higher observation errors are present than in conőguration
2, as explained in Section 7.3.1.
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7.3.3.3 Real experiment

The initial values for the őve subdomains were set to θb = [12.5; 12.5; 12.5; 12.5; 12.5],
corresponding to the barycenter of the Strickler values used in operational EDF’s ŕood
studies for tall vegetation (see Table 2.4). In the real experiment, the observation er-
rors should be speciőed in the 3D-Var cost function. The observation error covariance
matrix is often evaluated empirically with in-situ data. The empirical estimates of the
observation errors were quantiőed using available leash gauge data close to the observa-
tion locations (and reference simulations to avoid using outliers in the leash gauge data),
although the leash gauges are also uncertain. For conőguration 1, the estimated water
depth observation errors ranged from 100 to 120 cm, while for conőguration (with fewer
observation points), the errors ranged from 50 to 70 cm. The difference in the two ob-
servation errors between the conőgurations is explained by the choice of the sampling
strategy. In conőguration 1, the points are chosen randomly within the study area, and
for conőguration 2 hydraulic expertise was used to select points in speciőc regions where
the water depth estimates are more accurate for the FLEXTH method (regions of shallow
slope and smooth ŕood maps).

Water depth observations derived from SAR imagery (see Section 7.3.1.2) were assim-
ilated. Three noise levels were considered for each conőguration:

• conőguration 1: σobs ∈ {1.0 m; 1.1 m; 1.2 m}
• conőguration 2: σobs ∈ {0.5 m; 0.6 m; 0.7 m}

Figure 7.9 reports the estimated Strickler over 3D-Var iterations in subdomains 0 to 3,
for both conőgurations.

Figure 7.9: Estimated Strickler values over 3D-Var iterations in subdomains 0 to 3,
using water depth observations from satellite imagery. Assimilation was performed with
noise levels of σobs ∈ {1.0 m; 1.1 m; 1.2 m} for conőguration 1 and
σobs ∈ {0.5 m; 0.6 m; 0.7 m} for conőguration 2.

In all subdomains, the assimilation converged quickly within a few iterations. The
variation of the observation within each conőguration did not signiőcantly affect the
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estimated Strickler values, except in subdomain 3, where the estimate with σobs = 0.5
m deviated from those at 0.6 and 0.7 m. Since the variation in observation errors had a
limited impact on the results, we selected σobs = 1.1 m for conőguration 1 and σobs = 0.6
m for conőguration 2 for the rest of the analysis.

In subdomains 0 and 3, the same behaviors were observed for both conőgurations.
However, in subdomains 1, conőguration 1 converged to the lower bound of the parameter
range, whereas conőguration 2 converged to around 35 m1/3 ·s−1. Subdomain 2 showed the
opposite trend, with conőguration 1 resulting in higher Strickler values than conőguration
2. It highlights the impact of the observation location on the identiőcation of Strickler
values in 2D hydrodynamic models.

For subdomains 0, 2, and 3, the estimated Strickler values suggest that the parameter
values should be higher compared to the initial guess. For the uncalibrated free-run
experiment, the water depths are likely overestimated, and the water depth velocities are
underestimated. For subdomain 1, the same behavior is observed for conőguration 2, but
for conőguration 1, the estimated Strickler is lower than the background guess.

Figures 7.10 and 7.11 show the water depth differences between the assimilated model
and the reference simulation (Strickler values corresponding to the barycenter of the ranges
of Table 2.4) for both conőgurations, using observations from February 2 and 3, 2021.

(a) (b)

Figure 7.10: Water depth differences between the assimilated and reference simulations
on February 2, 2021, at 17:56 UTC for (a) conőguration 1 and (b) conőguration 2.

For both acquisition times and conőgurations, the water depth of the reference simu-
lation is mainly overestimated, especially in the central part of the study area, with water
depth differences reaching up to 0.5 m. On February 2 (Figure 7.10), the assimilated
water depths were similar for conőgurations 1 and 2, with slight discrepancies upstream.
On February 3 (Figure 7.11), however, in the upstream zone, conőguration 2 underesti-
mated the water depth compared to the reference simulation. This can be explained by
the low Strickler value estimated in subdomain 1, which reached the lower bound of the
parameter range, indicating rougher terrain and leading to higher water depths in and
around that subdomain (especially upstream because the ŕow is subcritical).

The estimated water depths and hence Strickler values represent a compromise between
the background and the assimilated observations. To calibrate the model with greater
accuracy, denser or more precise observations would be required. While a greater number
of observations generally improves the results, selecting points with hydraulic expertise
where the observation errors are constrained can lead to similar outputs in the assimilated
water depths.
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(a) (b)

Figure 7.11: Water depth differences between the assimilated and reference simulations
on February 3, 2021, at 17:48 UTC for (a) conőguration 1 and (b) conőguration 2.

7.4 Summary

Chapter 7 focused on calibrating ŕoodplain roughness in 2D hydrodynamic models by as-
similating water depth observations derived from satellite observations. First, the chapter
presented the assimilation on a schematic test case using three DA techniques: the 3D-Var,
the Ensemble Kalman Filter, and the Particle Filter. The schematic case study demon-
strated that the 3D-Var algorithm was robust for parameter estimation. The other algo-
rithms produced consistent results, but with higher computation needs. The schematic
test case also highlighted the importance of observation locations and the impact of the
observation errors on the accuracy of the estimated roughness coefficients.

Then, we tested the 3D-Var algorithm for assimilating water depth on a real case
study on the Garonne River. The study evaluated the impact of the spatial distribution
of water depth observations and observation errors on the calibration of the Strickler coef-
őcients. The study was conducted both in a twin experiment setup and using water depth
generated based on ŕood maps derived from satellite observations. First, we showed that
the number of subdomains that can be calibrated can be reduced based on a sensitivity
analysis. Then, we highlighted the impact of the observation errors and of the spatial ob-
servation density. In particular, we noticed a trade-off between the number of observation
points and the accuracy. Selecting fewer but more accurate observation points based on
hydraulic expertise in ŕoodplains gave comparable results to conőgurations using a larger
number of noisier observations.

This chapter demonstrated the possibility of calibrating spatially varying coefficients
when high-density and high-precision water depth observations are available. However,
the uncertainties in water depth observations extracted from satellite observations are
still important and should be reduced to calibrate a model for future forecasting. In our
case, the water depths observations are very uncertain, so DA only gives a compromise
between the background knowledge and the observations. We showed that the compromise
between the background knowledge and the observations led to a decrease in water depth
in most of the study area. Compared to the assimilation of ŕood maps, observation errors
are easier to understand and integrate in the DA framework.



Chapter 8

Conclusions and Perspectives

This thesis contributes to improving the quantiőcation of roughness parameters in ŕood-
plains of 2D ŕood models using satellite observations. In this chapter, we highlight the
main contributions of this work and provide new perspectives on ŕood model calibration
using remote sensing data.

8.1 Conclusions

Research Question 1

What information can be derived from satellite observations to calibrate 2D ŕood
models, and how accurately can it be quantiőed?

The present work began by identifying the potential of satellite observation to provide
data for calibrating ŕood models, particularly in ŕoodplains where in-situ data are scarce.
The literature review conducted in Chapter 2 highlighted that SAR satellites were the
most suitable for monitoring ŕoods with missions such as Sentinel-1. Optical satellites
were excluded due to frequent cloud cover during ŕoods, and conventional nadir altimeters
were dismissed as they provide only point-wise measurements. From SAR imagery, ŕood
extent maps and water depth őelds can be extracted.

SAR images consist of raw backscatter grids, which require speciőc processing steps
for extracting usable hydraulic information. Chapter 2 reviewed the most widely used
techniques for SAR image preprocessing, ŕood mapping, and water depth estimation.
The review revealed a wide range of methodological options and tunable hyperparameters
in the pipeline to extract ŕood maps or water depth őelds. Therefore, in Chapter 4, we
evaluated the inŕuence of these processing strategies on the uncertainties of satellite-
derived ŕood maps and water depth őelds. This evaluation was conducted in two case
studies: the Garonne River in France and the Shannon Basin in Ireland.

Flood maps are the most natural product derivable from SAR imagery. The study
evaluated various ŕood mapping methods (thresholding, active contour, change detec-
tion, and supervised classiőcation). While the general geometric structure of ŕoods was
reliably identiőed, signiőcant errors remained around the ŕood boundaries and in vege-
tated and urban areas. It is caused by geometric distortions and measurement noise (as
discussed in Chapter 2), which can lead to segmentation errors such as missed ŕooded
zones, disconnected patches, or nonphysical holes in the ŕood extent. This study high-
lighted the sensitivity of ŕood map outputs to speckle őltering, resulting in variations of
several square kilometers in the ŕooded area. Among the processing steps, the choice of
ŕood mapping method had the most impact on the ŕood maps outputs. In the Garonne
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case study, we demonstrated that the variability of the ŕooded area caused by processing
can vary by up to 10-20 km² (preprocessing, ŕood mapping method, and hyperparame-
ter tuning) exceeded the ŕooded area variations (e.g., 1 to 3 km²) caused by changes in
ŕoodplain roughness parameters within the 2D ŕood model (except when considering the
channel roughness). This underlines that, given the uncertainty in ŕood map generation,
only very sensitive models with broad parameter ranges can be meaningfully improved
using such data for now.

By combining ŕood maps with Digital Elevation Models, water depth őelds can be
estimated. Using three different water depth estimation approaches, we found that the
ŕood map inputs had a signiőcant inŕuence on the estimates. Then, errors in water depth
estimation were largely driven by upstream uncertainties in ŕood map generation. Overall,
water depth estimates from SAR imagery remain uncertain for operational uses with errors
reaching up to 1 m. With this degree of uncertainty, we recommend incorporating the
expertise of hydraulics experts, which is also pointed out in the methodology proposed
by Hostache et al. [2009]. For instance, it can consist of selecting only water depth
observations that are located in speciőc zones with higher conődence and reduced errors,
characterized by low topography gradients and smooth delineation of the ŕood map.

This work underscores the importance of carefully selecting the processing workŕow
when using SAR images. Each stage, from preprocessing to method selection and hyper-
parameter tuning, can propagate errors that affect the őnal outputs. In many operational
ŕood model calibration studies, ŕood maps are generated with a single őxed conőgura-
tion. However, practitioners should account for uncertainty due to the processing to avoid
calibrating models against poorly segmented ŕood maps or water depth estimates.

However, hydraulic modeling requires several steps, including spatial data preparation,
model construction, parameter tuning, and results visualization. These tasks are time-
consuming and sometimes not user-friendly, particularly when using command-line scripts
or a sequence of independent tools. Thus, to support practitioners to account for the
uncertainties in the generated outputs, a user-friendly graphic interface was developed.
The Graphical User Interface enables the processing of SAR images, from downloading
data to ŕood mapping and water depth estimation, with various conőgurations in a few
clicks. This tool, alongside Jupyter notebooks and source code, facilitates the integration
into hydraulic model calibration workŕows.

In conclusion, these data can support the calibration and validation of hydrodynamic
models in data-sparse regions or for very sensitive numerical models; however, they remain
too uncertain for calibrating models with low sensitivity to parameter variations.

Research Question 2

How can the agreement between a satellite observation and a simulation be quan-
tiőed?

The primary objective of this thesis is to use satellite observations to calibrate 2D ŕood
models. In automated calibration strategies, the discrepancy between model outputs and
observations is quantiőed using a mathematical tool known as performance measure. In
Chapter 5, we evaluated how to compare ŕood models with satellite-derived ŕood maps,
particularly those obtained from SAR imagery, which consist of dense binary images with
distinct geometric textures.

Numerous performance measures have been proposed in the literature to quantify the
mismatch between binary grids with spatial textures [Gilleland et al., 2009]. Therefore,
we developed a step-by-step methodology to guide the selection of performance measures
to compare observed and simulated ŕood maps, for purposes of model calibration or
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validation.
The methodology begins with a correlation analysis to eliminate redundant perfor-

mance measures. Then, a set of criteria is applied to determine whether a performance
measure is sensitive to different types of errors, including position errors (translation and
rotation errors), magnitude differences, and observation noise. The selected performance
measures meeting the criteria are ranked based on their ability to identify consistent
parameters under observation uncertainty.

The methodology was discussed numerically on a set of 24 performance measures on
the 2021 ŕood event on the Garonne River in France. The ŕood model was parameterized
with a spatially variable roughness őeld. This benchmark demonstrated the effectiveness
of the methodology in identifying a reduced subset of performance measures. Thanks
to the correlation analysis, we selected performance measures that satisőed the criteria
and considered the best-ranked ones, identifying four reliable performance measures for
comparing simulated and observed ŕood maps.

Using the selected performance measures, we presented a qualitative example illus-
trating how they can be used in operational calibration contexts. Using the simulated
samples with spatially varying roughness, we identiőed for each of the performance mea-
sures the distribution of the roughness coefficients for the best-performing simulations. It
highlights that the roughness coefficients were overestimated or underestimated in some
subdomains, which impacts the simulated water depths and velocities. We also demon-
strated that, depending on the selected performance measure, variations in ŕood front
propagation could be observed, highlighting the importance of choosing an appropriate
performance measure. Therefore, in operational ŕood studies, the choice of performance
measures for comparing observed and simulated ŕood maps is crucial. This methodology
can help practitioners calibrate model parameters using performance measures adapted
to the properties of satellite ŕood maps. Although the methodology was numerically eval-
uated for the 2021 Garonne River ŕood event, it is designed to be generic and applicable
to any ŕood model or ŕood event.

Research Question 3

Is it possible to calibrate ŕoodplain roughness in 2D hydrodynamic models using
uncertain satellite observations?

In response to Research Question 1, we showed that ŕood maps and water depth őelds
can be derived from SAR imagery, despite the uncertainties of these observations (Chap-
ter 4). Chapter 5 addressed the challenge of selecting reliable performance measures for
comparing observed and simulated ŕood maps. Building on this, all the necessary ingre-
dients were available to infer the spatially varying ŕoodplain roughness based on satellite
observations, either using ŕood maps or water depth observations with DA. Chapters 6
and 7 explored whether satellite-derived observations can be used to calibrate ŕoodplain
roughness in 2D hydrodynamic models, through synthetic twin experiments and real case
studies.

First, Chapter 6 focused on the assimilation of SAR-derived ŕood maps to estimate
the spatially varying ŕoodplain roughness őeld. The chapter proposed a two-phase strat-
egy. First, a sensitivity analysis to reduce the number of parameters and limit the com-
putational burden of the calibration phase in operational studies. Then, a variational
algorithm (3D-Var) was applied as it was more adapted for using other performance mea-
sures than the weighted Euclidean distance and was shown to be the best strategy on
our test case with limiting cost (in Chapter 7). The results of the twin experiments
conőrmed the feasibility of using ŕood maps for calibrating ŕood models when using ap-
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propriate performance measures (identiőed in Chapter 5). However, applying the same
strategy to real ŕood events is more challenging due to high uncertainties in ŕood map
delineation. This highlighted the need for improved quantiőcation of observation errors
in ŕood maps. Currently, the uncertainties in satellite-derived ŕood maps are too large
for reliable calibration of ŕoodplain roughness across the parameter range typically used,
even when extending the parameter range of the ŕoodplain roughness commonly used in
EDF ŕood studies. The ŕood maps can be used, but rather for calibrating more sensitive
parameters, such as channel roughness or discharge in ungauged catchments. Indeed,
when considering channel roughness as an additional uncertain parameter, it enhances
the model’s sensitivity, and the algorithm converges to more plausible values of roughness
in the channel and ŕoodplains. In conclusion, ŕood maps extracted from remote sensing
data can help calibrate very sensitive models for now, and less sensitive models if we man-
age to improve ŕood map delineation and observation errors quantiőcation. However, to
support this conclusion, additional experiments should be carried out with noise on the
synthetic observations, however, adding noise to ŕood maps and computing the associated
observation errors for the performance measures is difficult.

While ŕood maps remain too uncertain for calibrating precisely the ŕoodplains’ rough-
ness, Chapter 7 investigated the assimilation of another variable: water depth observations
in the ŕoodplains. In a schematic test case, we showed that the spatial location of observa-
tions is important and that selecting points in areas where water depths are more sensitive
to roughness variations signiőcantly improves calibration accuracy. We also highlighted
that, depending on the number of observations, it was possible to calibrate the spatially
variable roughness for variable noise levels on the water depth observations. Furthermore,
by testing different DA frameworks, we demonstrated that 3D-Var was the most efficient
parameter estimation algorithm for this test case with limited computational cost (despite
not having an adjoint model). In the Garonne River case study, the same conclusions were
underlined. With two spatial densities of observations, we demonstrated that additional
points in the ŕoodplains enhance the calibration of ŕoodplain roughness, even for more
uncertain data. However, selecting fewer points with hydraulic expertise reduces water
depth errors and leads to comparable results during assimilation. When assimilating real
observations, the compromise between the background and the observations led to an
overestimation of water depths due to low Strickler values across most of the study area.
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8.2 Perspectives

The contributions of this thesis highlight certain limitations, leading to the identiőcation
of future directions and unresolved questions, which are described below.

8.2.1 Reducing observation uncertainties and use of complemen-

tary data sources

The assimilation of satellite-derived ŕood maps and water depth őelds from SAR imagery
highlighted the difficulty in calibrating ŕoodplain roughness due to the high uncertainties
in the observations compared to the model’s sensitivity to ŕoodplain roughness. These
uncertainties come from measurement errors, as well as the choice of processing method
as shown in Chapter 4. Therefore, future work should prioritize reducing observation un-
certainties and exploring complementary data sources to improve ŕood model calibration.

This thesis focused on using SAR imagery; however, other satellite sensors could also
be used to extract hydraulic information. For instance, in the absence of cloud cover, op-
tical imagery can be used, as it offers more interpretable data with more precise segmen-
tation, thereby reducing observation uncertainties [Schumann et al., 2022]. Furthermore,
the Sentinel-1 images used in the study have a spatial resolution of 10 m and a temporal
resolution of 3 to 4 days. High spatial and temporal resolution sensors can be used when
using optical data such as PlanetScope images, which have a spatial resolution of less than
3 m and a daily revisit frequency [Roy et al., 2021]. Furthermore, with the growing num-
ber of satellite monitoring ŕoods, multi-sensor fusion could reduce uncertainty in ŕood
map delineation [Zhao et al., 2024]. As for the water depth őeld, new satellites, such as
the SWOT mission, could provide dense water height őelds with observation errors below
10 cm when averaging over water areas above 1 km² [Biancamaria et al., 2016].

The thesis focused on using satellite observations, but other remote sensing technolo-
gies, such as drones, could be used, offering a closer look during ŕood events and providing
near-real-time data. Nowadays, drones are often used in disaster response to monitor nat-
ural hazards, such as ŕoods. In the future, during ŕood events, drones could be deployed
within minutes above the study area to collect data for calibrating and validating hy-
drodynamic models or updating models in real-time [Karamuz et al., 2020]. Drones can
generate high-resolution ŕood maps and carry LiDAR sensors to measure water surface
elevation with centimetric precision. Additionally, leash gauges were not exploited in the
thesis, but they can serve as complementary data to calibrate ŕoodplains, especially with
the development of crowd-sourced water levels [Dasgupta et al., 2022]. Based on the anal-
ysis of the importance of observation locations in ŕoodplains for calibrating roughness,
water depth gauges could be installed in ŕoodplains at speciőc locations informed by the
analysis of numerical models.

Flood maps and water depth őelds were assimilated in this work, but future work
should also explore the assimilation of velocity őelds. In collaboration with the Labora-
toire universitaire des sciences appliquées de Cherbourg (LUSAC), depth-averaged current
speeds measured by ADCPs were assimilated in a tidal-stream resource assessment con-
text. It highlighted the possibility of inferring the spatially variable Strickler values and
parameters of the model to improve the resource assessment in the Alderney Race. The
same methodology can be transferred to improve the quantiőcation of model parameters
in ŕood models. While ADCPs measurements are complicated during ŕood events, drone
footage could be used to measure the surface velocity őeld using LSPIV. LSPIV measures
surface water ŕow velocities by tracking the movement of texture in water ŕow images
[Fujita et al., 1998]. With this technique, smartphone videos of ŕood events can also be
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used to derive velocity őelds as illustrated in Figure 8.1, with an application developed
within EDF for computing velocities and discharge based on videos. Recently, velocity
őelds were also derived from satellite observations using LSPIV, with some satellite mis-
sions capturing short video clips around each image acquisition [Masafu and Williams,
2024].

Figure 8.1: Example of a Large Scale Particle Image Velocimetry measure with FlowPic
smartphone application (extracted from [Bodart, 2023]).

Finally, controlled experiments using physical models with ŕoodplains could be con-
ducted in laboratories to evaluate the calibration process with controlled measurements.
In laboratory experiments, water depths can be measured at various locations in the ŕood-
plains, and drones can be used to derive the ŕood extent or velocity őelds. In laboratory
conditions, the quantiőcation of observation errors, which was a key limitation identiőed
in this thesis, is more controlled.

8.2.2 Data assimilation strategies and performance measure se-

lection

In Chapter 5, we proposed a methodology for identifying global performance measures to
compare modeled and observed ŕood maps using a single score. The methodology was
applied to a benchmark case, but it is also transferable to any ŕood event or hydrody-
namic model. Future works should apply this methodology on additional ŕood events,
hydrodynamic models, satellite observations, and ŕood extraction methods to őnd gen-
eral guidelines on which performance measures to use in which context (e.g., depending
on catchment or ŕood characteristics). Furthermore, the methodology was developed for
comparing observed ŕood maps to ŕood models, but in the future, the methodology could
be adapted to other types of observations, such as water depth or velocity őelds.

While the proposed methodology focused on comparing ŕood maps with global perfor-
mance measures, other observations from satellite observations can be considered, and the
observation operator in the 3D-Var cost function could be revised. For instance, Cooper
et al. [2019] updated the water depth in a 2D numerical model using an observation op-
erator that directly uses observed backscatter values of SAR imagery to avoid additional
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steps such as ŕood mapping. Hostache et al. [2018] and Dasgupta et al. [2021b] assimi-
lated probabilities of pixels of being ŕooded and Nguyen et al. [2022] assimilated the wet
surface ratio in different subdomains. While ŕood maps and water depth őelds were as-
similated in this thesis, these observation operators are alternative options for calibrating
2D ŕood models.

However, a more promising direction is to consider that the information content be-
tween two similar ŕood maps is localized close to the edges of the ŕood extent in the ŕood
front propagation zone. Other performance measures could be used to focus on these
speciőc zones, thereby avoiding the dilution of informative data when using the entire
ŕood map information. This approach was not initially considered due to the difficulty of
precisely identifying ŕood edges, but it could be considered in the future with improved
detection of ŕood maps or new sources of data, as speciőed in Section 8.2.1. In Rochoux
et al. [2015] they assimilated with an EnKF the differences in coordinates between a sim-
ulated and observed őre front (with low measurement errors) as illustrated in Figure 8.2.
These approaches can be used on ŕood fronts to match the simulated and the observed
ŕood fronts by adjusting the roughness őeld.
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Figure 8.2: Differences between simulated and observed őre fronts (adapted from
Rochoux et al. [2014]).

A promising research direction is to łmovež along the intermediate states of the ŕood
propagation front. Optimal transport provides an interesting framework to őnd the most
efficient way to move mass (or probability) from a source distribution to a target distribu-
tion while minimizing some cost. For instance, when considering the Wasserstein distance
(a key component of optimal transport), which measures the distance between two dis-
tributions instead of the Euclidean distance point to point, the analysis states between
an observed and simulated water depth distribution on a cross-section is more physical
as shown in Figure 8.3.

To reach the analysis state in Figure 8.3b), the data assimilation strategy should
łmovež between the probability distributions on the Wasserstein space. Most DA strate-
gies were developed for Euclidean spaces. Now, to assimilate probability distributions
(or water depth distributions along a cross-section) on a manifold equipped with Wasser-
stein distance, we should rather use algorithms adapted to manifolds, as the Manifold
Extended Kalman Filter recently proposed in Le Ruz et al. [2025]. Ongoing work is being
carried out to utilize data assimilation on the manifold of Wasserstein spaces to assimilate
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Figure 8.3: Example of intermediate states of water depth distribution on a cross-section
with (a) Euclidean distance point to point, and (b) desired behavior.

water depth distributions. Then, the same work could be carried out using ŕood maps
by comparing the ŕooded status of pixels along cross-sections. For interested readers,
more details on this perspective, along with a description of the current limitations, are
provided in Appendix A.2.

The Wasserstein space is based on Optimal Transport theory, but other possibilities
are available in the literature for moving from a source distribution to a target distribu-
tion, such as ŕow matching approaches based on diffusion models [Lipman et al., 2022;
Gat et al., 2024]. These methods aim to learn vector őelds between the source and target
distributions as visualized in Figure 8.4, often formulated as solutions to stochastic dif-
ferential equations. New data assimilation frameworks based on diffusion processes have
been developed recently [Rozet and Louppe, 2023a] and applied for estimating trajecto-
ries of dynamical systems using uncertain observations, for instance, on quasi geostrophic
models [Rozet and Louppe, 2023b].

Figure 8.4: Example of trajectory between a source distribution (left) and target
distribution (right) using ŕow matching.
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AbstractŮNumerical models are essential in Ćuvial hy-
draulics for predicting Ćood dynamics and designing mitigation
measures. These models must be calibrated based on obser-
vations to improve their forecast accuracy. Traditionally, this
calibration relies on hydrometric station data, but it is now
possible to use spatially distributed satellite observations. From
a satellite observation (e.g., Synthetic Aperture Radar), it is
possible to extract Ćood maps, corresponding to images of pixels
classiĄed as dry and Ćooded. This type of information is used
in this study to calibrate a spatially distributed friction Ąeld
of a TELEMAC-2D model. A twin experiment is conducted to
generate synthetic satellite observations. The aim is to Ąnd the
optimal friction Ąeld by comparing the synthetic data (Ćood
maps) with the simulated states.

The 2D hydraulic model is automatically calibrated using a
3D-Variational data assimilation algorithm, which minimises a
cost function by balancing the Ąt to observations with prior
knowledge of the parameters (based on expert opinions, lab ex-
periments, etc.). While conventional algorithms use L

2 distance
to measure observation-model misĄts, alternative dissimilarity
measures offer potentially improved calibration. This study
evaluates four dissimilarity measures Ů Euclidean distance,
Measure of Fit, Procrustes Analysis, and Normalized Mutual
Information Ů and assesses their impact on the calibration of
the friction Ąeld.

This experiment has shown that some dissimilarity measures
are better suited to calibrate the Ćood model, especially in
Ćoodplains.

Index TermsŮ: Shallow Water Model, Parameter Estimation,
Data Assimilation, Satellite Observation, openTELEMAC

I. Introduction

Numerical models, especially Two-Dimensional (2D) hy-
drodynamic models, play an essential role in simulating
Ćood dynamics and informing decision-making processes
in Ćuvial hydraulics. These models predict the spatial and
temporal dynamics of a Ćood, which is crucial for designing
effective Ćood mitigation measures.

To produce reliable forecasts, these models must be
calibrated against real-world observations. Calibration in-
volves adjusting the model parameters so that the model
outputs align closely with the observed data. In Ćood
modeling, the main parameter to calibrate is often the
uncertain friction Ąeld [1], which affects Ćow resistance and
consequently modeled velocities and water depths. In most
engineering studies, the friction Ąeld is often calibrated
using hydrometric stations along the channel. However,
these data points are often sparse and may not provide
comprehensive coverage, especially in the Ćoodplains. The

lack of detailed and spatially distributed data has histor-
ically posed a signiĄcant challenge to the calibration of
hydraulic models, especially in Ćoodplains. However, in
recent years, there has been an increasing availability of
spatially distributed observations thanks to satellites. For
instance, Synthetic Aperture Radar (SAR) satellites can
detect Ćood events regardless of weather conditions and
provide high spatial resolution images (e.g., 10 meters for
Sentinel-1). This capability allows for the generation of
detailed Ćood maps consisting of images, i.e., a grid of
pixels (also called rasters) classiĄed as Ćooded or dry, as
illustrated in Figure 1.

Fig. 1: Example of Sentinel-1 acquisition on February 2, at
5:55 p.m. on the Garonne River in France, and extracted
Ćood map.

In this context, this work discusses the impact on the
calibration of the choice of mathematical tool to compare
observed Ćood maps and numerical simulations of a Ćood
event.

Automatic calibration typically involves an algorithm
that minimizes the discrepancy between model outputs
and observations. Most optimization problems use the
weighted L2 distance to compute this discrepancy by
comparing data points to points. However, in the case of
Ćood images, this approach does not take into account the
structure of the image and does not handle position errors
[2]. Then, alternative dissimilarity measures for comparing
spatially distributed Ąelds can provide different insights
and potentially improve the calibration of the model.
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In this work, the friction Ąeld is automatically calibrated
with a 3D-Variational (3D-VAR) data assimilation algo-
rithm. This method aims to minimize a cost function that
balances prior knowledge of parameter values (from lab
experiments, expert opinions, etc.) with the misĄt between
model outputs and observations. The latter, referred to
as dissimilarity measures, can be chosen from various
possibilities to compare images [2, 3]. In this work, a
few dissimilarity measures from the literature are selected,
comparing Ćood maps on a point-to-point basis or based
on their ŞgeometricalŤ properties.

This paper aims to quantify the inĆuence of the chosen
dissimilarity measure on the calibration results. A purely
numerical experiment is conducted by using generated
observations from a twin experiment. The twin experiment
consists of a schematic test case for one Ćood event to
estimate an uncertain spatially distributed friction Ąeld
based on one observed Ćood map.

Section II sets the parameter estimation problem, the
data assimilation framework, and the choice of dissim-
ilarity measure. Section III presents the test case for
a schematic Ćood event in a twin experiment and the
software tools used for the implementation. Then, Section
IV describes and discusses the numerical results of the
comparison of the use of the dissimilarity measures for
the test case. Finally, Section V presents the conclusions
and perspectives of this work.

II. Problem setting

Parameter estimation consists of evaluating the input
data of a problem from its ŞsolutionŤ. The aim of the
paper is to estimate the spatially distributed friction Ąeld
of a Ćood numerical model through a comparison between
observed (generated with a twin experiment here) and
simulated Ćood maps. In this section, the hydrodynamic
model, the automatic calibration algorithm, and the dis-
similarity measures are introduced.

A. Hydrodynamic model

Two-dimensional simulations of Ćood events are of-
ten computed as a solution of the 2D Shallow-Water-
Equations (SWEs). The SWEs write in a Cartesian co-
ordinate system where gravity acts uniform as −ge⃗z as:

∂h

∂t
+ ∇ · (hu) = 0 (1)

∂(hu)

∂t
+ ∇ · (hu ⊗ u) = −g∇η + ∇ · (hνe∇u) − τ b

ρ
,

(2)

where the water depth h ≥ 0 and u = ue⃗x + ve⃗y are
unknown variables function of x, y and time t ∈ [O, T ). We
denote η = h + zb the free surface elevation where zb(x, y)
is the bottom elevation, νe > 0 a constant viscosity and
τ b = τbxe⃗x + τby e⃗y the bed shear stress.

In this work, the two components of the bed shear stress
are computed with the Strickler formula [4] as:
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where the spatially distributed Strickler coefficient
Ks(x, y) needs calibrating.

Equations (1-2) are solved with TELEMAC-2D (T2D),
a module of the open-source hydro-informatics system
openTELEMAC (www.opentelemac.org) [5]. The model-
ing is based on a Ąnite element approach on an unstruc-
tured triangular mesh. The N edge-by-edge and the Pos-
itive Streamwise Invariant distributed schemes compute
the advection of velocity and water depths, respectively.
As for the wetting and drying of the grid elements (essen-
tial for Ćoodplains Ćoodings), it is considered through a
correction of the free surface gradient [5].

B. Automatic calibration algorithm

In this paper, the calibration is performed using Data
Assimilation (DA), which is a sub-class of inverse prob-
lems. DA aims at estimating uncertain states or param-
eters of a physical system, balancing the discrepancy
between observations and model outputs, and a prior
knowledge of the unknowns. In this work, we speciĄcally
use a variational approach called 3D-VAR, often used for
parametric estimation problems [6, 7]. The goal of the
algorithm is to evaluate the unknowns by minimising a
cost function quantifying the misĄt between model pre-
dictions and measurements and the prior knowledge of the
parameters. The traditional variational data assimilation
cost function writes as follows:


















J(θ) = Jb(θ) + Jo(θ)

Jb(θ) =
1

2
(θ − θ

b)T B−1(θ − θ
b)

Jo(θ) =
1

2
(yobs − H(M(θ)))T R−1(yobs − H(M(θ)))

,

(4)
where yobs is the observation, M the numerical model,
θ the unknown parameters to calibrate, θ

b a background
knowledge of the parameters, and H is a smooth obser-
vation operator from the simulation to the observation
space (preserving the smoothness of M as a function of
θ). Background and observation errors are considered with
error covariance matrices denoted B and R often consid-
ered as diagonal matrices. In this work, the observation
yobs shall represent a Ćood map, and H will transform
a simulated water depth Ąeld into a Ćood map within a
smooth manifold. This transformation will be described in
Section III-A4.

For the traditional cost function in (4), Euclidean dis-
tances weighted by matrices B and R are used. In fact,
the compromise between Jb and Jo can be written more
generally as:

J(θ) = ωbdb(θ, θ
b)2 + do(yobs, H(M(θ)))2, (5)

2



APPENDIX A. APPENDIX 241

where db and do are distances to specify, and ωb is a weight
balancing the background knowledge and the observation.
In this work, db is Ąxed as a usual L2 distance, and
the aim is to study the inĆuence on the calibration of
the choice of the dissimilarity measure do, supposedly
piecewise differentiable on a Ćood-map manifold.

The optimal θ is found by minimizing J . This min-
imization is generally carried out using a gradient de-
scent method such as L-BFGS-B (Limited-memory Broy-
denŰFletcherŰGoldfarbŰShanno Bound-Constrained) [8].
The L-BFGS-B algorithm is based on the Newton method,
using Ąnite differences to compute an approximate gradi-
ent of J(θ). The procedure is iterative, and the algorithm
explores all the directions of the parameters to determine
how to update the parameter for the next iteration. The
background knowledge θ

b is the starting point of the
minimisation of the cost function.

C. Dissimilarity measures

This section aims to describe brieĆy the different dis-
similarity measures do used in this work in (5). The usual
Euclidean distance is tested, as well as three other dis-
similarity measures, namely the measure of Ąt, Procrustes
analysis, and Normalized Mutual Information. They are
chosen from the literature to have measures based on
different principles (pixel-to-pixel, shape alignment, infor-
mation theory). Methodologies exist in the literature to
choose robust dissimilarity measures between simulated
and observed Ćood maps [9, 10]. Euclidean distance is usu-
ally used to correct errors in amplitude, while Procrustes
analysis or Normalized Mutual Information may also be
able to correct errors in the position of the Ćood.

Flood maps are images considered as a grid of pixels of
size Nx ×Ny. In the following, the simulated and observed
Ćood maps are denoted as O, S ∈ ¶0, 1♢Nx×Ny (i.e, 0 for a
dry pixel, and 1 for a Ćooded pixel). Then, in the following
yobs = O and H(M(θ)) = S(θ).

1) Euclidean distance: In the most common case, the
observed and simulated values are compared with an
Euclidean distance two-by-two, so that:

de(O, S) =

√

√

√

√

Nx
∑

i=1

Ny
∑

j=1

(Oi,j − Si,j)2. (6)

2) Measure of fit: Another commonly used measure
to calibrate Ćood models is the measure of Ąt [3]. This
measure is based on comparing the number of pixels that
match or do not match between O and S. The four possible
outcomes when comparing pixel values are listed in Table
I.

Observed flooded Observed dry

Simulated flooded T P F P

Simulated dry F N T N

TABLE I: ClassiĄcation of pixels between O ans S.

For instance, TP represents the number of pixels clas-
siĄed as Ćooded in both O and S, so that TP =
∑N

i=1

∑N

j=1
✶(Oi,j = 1 ∧ Si,j = 1). The measure of Ąt

is computed as follows:

F 4(O, S) =
TP − FP

TP + FP + FN
(7)

3) Procrustes analysis: Procrustes analysis [11] opti-
mally transforms two point sets (translations, rotations,
scaling), to minimize their differences. O and S are stan-
darised into two matrices A1 and A2 (centered around
their origins and Tr(Ai · (Ai)

T ) = 1 with i ∈ ¶1; 2♢).
Then, the Singular Value Decomposition is used to Ąnd
an optimal transformation minimising (8):

P 2 = de(A1 − cA2Q), (8)

where c is a scaling factor and Q an orthogonal matrix.
4) Normalized Mutual Information (NMI): The NMI

[12] quantiĄes the amount of information shared between
two set of points. It is deĄned as:

NMI(O, S) =
H(O) + H(S)

H(O, S)
(9)

where H(O) = − ∑nc

i=1
pilog(pi) is the Shannon entropy

of matrix O, with nc the number of classes (2 here
with Ćooded and dry prixels) and pi the probability
of class i. The joint entropy is deĄned as H(O, S) =
− ∑nc

i=1

∑nc

j=1
pi,j log(pi,j) with pi,j the joint probability

between classes i in O and j in S.
F 4, and NMI vary between 0 and 1, and equal 1 when

O and S are identical. However, the cost function J , should
be minimized. Then, for these dissimilarity measures, the
values are translated so that they equal 0 when O and
S are identical. Then for the measure of Ąt, do(O, S) =
1 − F 4(O, S), and similarly for NMI.

III. Test case and software tools

The experiments are purely numerical, with the model
M operating as a twin experiment. First, the test case
consisting of a schematic river and Ćood event is described.
Then, more details are given on the vector θ to calibrate,
as well as describing the process to generate synthetic data
and how H transforms simulated water depths into Ćood
maps. Following this, an overview of the software tools is
provided.

A. Definition of the test case

1) Geometry: A rectangular geometry is considered,
with a 100 m wide meandering channel in the x direction
and Ćoodplains on both sides (see Figure 2). The topogra-
phy is initialized such that the channel begins to overĆow
at the center of the domain, located at x = 5, 000 m.
This setup is designed to minimize sensitivity to boundary
conditions. The channel depth decreases linearly from 2 m
at x = 0 m to 1 m at x = 5, 000 m, and then returns to 2
m at x = 10, 000 m. On the Ćoodplain the slope is Ąxed to

3
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0.002 m/m. The geometry was already used in a previous
study (see [13] for more details), and we built on these
efforts as regards the construction of the model.

0 2000 4000 6000 8000 10000
x (m)

500
0

500

y 
(m

)

Channel Floodplains

Fig. 2: Schematic meandering river with Ćoodplains.

The geometry is similar to that in [13], but the mesh in
the present study is coarser to reduce the computational
cost. The T2D model uses a simplicial mesh composed of
N = 7979 nodes, with edge sizes varying from 20 m in the
channel to 50 m in the Ćoodplains.

2) Initial conditions, and boundary conditions: The
model is initialized at t = 0 with a water depth of 1 m
within the channel. A schematic time-varying discharge is
considered upstream at x = 0, with a Ćow rate varying
linearly from 100 to 450 m3 · s−1 as shown in Figure 3.
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200
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 (m
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Fig. 3: Upstream Ćood hydrograph during the simulation.

A rating curve linking water depths to discharge is
imposed downstream with water depths between 1 m and
2.6 m as a function of Q varying between 100 m3 ·s−1 and
450 m3 · s−1 respectively. The total simulation time is set
to 7 hours.

3) Friction zoning: The friction parameter to calibrate
is spatially distributed. It is considered to be piecewise
constant in the simulation domain, with a uniform value
over subdomains. In this test case, three subdomains are
considered, i.e. the channel, the left Ćoodplain, and the
right Ćoodplain as illustrated in Figure 4.
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Ks1 Ks2 Ks3

Fig. 4: Roughness subdomains for the experiment.

Then, the control vector of the parameter is θ =
[Ks1, Ks2, Ks3].

4) Observation operator and generated synthetic data:
The output of the simulation is a water depth Ąeld.
However, the goal is to compare Ćood maps, then the water
depth Ąeld should be transformed into a Ćood map. We
denote Hi,j ∈ R

Nx×Ny a matrix where Hi,j equals the
value of the Ąnite element water depth at the center of
the pixel (i, j). Then, the observation operator transforms
a simulated water depth Ąeld into a Ćood map as:

[H(M(θ))]i,j = S(θ)i,j =



1 if Hi,j > 0.01 m
0 otherwise

, (10)

for the (i, j)-th component of the observation operator.
The experiment is purely numerical, so synthetic data

must be generated. Then, one observation O = H(M(θt)),
with θ

t = [30, 20, 10] representing the true parameter
values is generated at t = 3 hours of simulation. Figure
5 visualises the functioning of the observation operator to
generate the synthetic data with θ

t.

Fig. 5: Example of application of the observation operator
with the parameter truth values at t = 3 hours.

B. Software tools

In this work, the TELEMAC-2D solver (version V8P5)
is coupled with TelApy, a module of the openTELEMAC
system, and ADAO, a Python Data Assimilation library
(https://pypi.org/project/adao/). These modules are pre-
sented brieĆy.

1) TelApy: TelApy is a module distributed with the
openTELEMAC system. It is a practical module that
wraps in Python the Fortran APIs of openTELEMAC [14].
It provides the practitioner the possibility to control the
simulations while they are running. Then, it is particularly
useful in the case of parameter optimization where the
parameters are changed iteratively. It also enables the user

4
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to retrieve the simulation states during the simulation, so
they can be compared with the observations. The TelApy
component allows the creation of optimization chains by
coupling it with optimization algorithms.

2) ADAO: The automatic calibration is carried out
thanks to a Data Assimilation library called ADAO [15].
ADAO provides various optimization and data assimila-
tion algorithms, including the 3D-Var algorithm used in
this work. In this work, the ADAO module is coupled to
TelApy to retrieve the numerical model states and test
new parameters.

IV. Results and discussion

After presenting the test case and the software tools, the
different dissimilarity measures are tested to calibrate the
model. The inĆuence of the prior guess on the parameter
on the calibration is also evaluated.

In this work, we consider a calibration in which the
observation is considered almost perfect and the prior
guess on the parameter is very uncertain. The weight ωb

is set arbitrarily to 10−12, making the role of do in (4)
signiĄcantly more prominent than that of db.

The prior guess for the parameter should also be spec-
iĄed. Initially, the friction parameter is set to θ

b =
[35; 12; 18], but the impact of the initial state on the cali-
bration results with different do is investigated in Section
IV-B. In the L-BFGS-B algorithm, the values of θ =
[Ks1, Ks2, Ks3] are constrained, such as 20 ≤ Ks1 ≤ 40,
and 5 ≤ Ks2, Ks3 ≤ 50.

For computing the gradient J(θ) in the 3D-Var al-
gorithm, the differential increment is set to 10−3. The
algorithm stops if the number of iterations exceeds 35 or
when the cost function decreases less than 10−4.

A. Influence of do on parameter estimation

The four dissimilarity measures are tested with the pre-
vious numerical considerations. In Figure 6, the values of
the three parameters of θ are plotted at each iteration. An
iteration corresponds to the exploration of the parameter
space in every direction (here three directions), then θ is
updated. In the case of three parameters, it corresponds
to four TELEMAC-2D simulation runs. On an Intel Core
i7-11850H @ 2.50GHz processor, each simulation run takes
36 seconds.

For the four dissimilarity measures, the friction param-
eter for the channel is well calibrated after a few iterations
(5 to 6 iterations). For all dissimilarity measures, the
channel Strickler value converges quickly, since it is the
most inĆuent parameter on the state of the pixels in the
Ćood maps. For the different dissimilarity measures, the
calibration of the Ćoodplains show different behaviors.
The dissimilarity measures are less sensitive to changes in
Ćoodplain friction values. Indeed, only the calibration with
NMI reaches the true values of the generated observations
(Ks2 = 20 and Ks1 = 10) at the end of the 35 iterations.
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Fig. 6: Automatic calibration of θ for the four dissimilarity
measures (circles for de (Euclidean distance), diamonds
for NMI (Normalised Mutual Information), squares for
F <4> (Measure of Ąt), and triangles for P 2 (Procrustes
analysis)) for θ

b = [35; 12; 18].

For the three other dissimilarity measures, the automati-
cally calibrated parameters on the Ćoodplains are higher
or lower than the expected values, whether for Ks2 or Ks3.
Thus, in this conĄguration, using NMI as the dissimilar-
ity measure seems to give the closest calibration to the
reference. It seems that the calibration with the Euclidean
distance is not yet fully converged, and it may converge
to the true values of the parameters for more iterations.
However, one may prefer using dissimilarity measures that
converge quickly. At iteration 32 with Procrustes analysis,
the estimated values of the parameters seem to be outliers
that may be explained by the variational approach testing
a distant value to check if the algorithm is not stuck in a
local minimum.

B. Influence of the initial state θ
b

In the previous Section IV-A, only one prior guess on θ
b

serving as the initial parameter of the descent of 3D-Var is
considered. Thus, other initial prior guesses on θ

b should
be tested to conĄrm that using NMI yields better results
to calibrate this model when comparing Ćood maps.

In Figures 7 and 8, two other initial guesses for the
parameters are considered: θ

b = [33, 22, 8] and θ
b =

[27, 25, 13]. These initial guesses are visualized as they
show the different behaviors of the calibration process.
However, more exhaustive tests were conducted by sam-
pling θ

b with the same bounds as for the L-BFGS-B
algorithm (θb ∈ [U(20; 40), U(5; 50), U(5; 50)]). From a
physical point of view, more restrictive constraints could
be included by considering that the Strickler value in the
Ćoodplain should be smaller than for the main channel,
but it was not considered here.

In Figure 7, for an initial guess θ
b = [33, 22, 8], the

Euclidean distance did not reach the true values even
for the channel (it stops after 23 iterations, because the

5
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Fig. 7: Automatic calibration of θ for the four dissimilarity
measures (circles for de (Euclidean distance), diamonds
for NMI (Normalised Mutual Information), squares for
F <4> (Measure of Ąt), and triangles for P 2 (Procrustes
analysis)) for θ

b = [33, 22, 8].
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Fig. 8: Automatic calibration of θ for the four dissimilarity
measures (circles for de (Euclidean distance), diamonds
for NMI (Normalised Mutual Information), squares for
F <4> (Measure of Ąt), and triangles for P 2 (Procrustes
analysis)) for θ

b = [27, 25, 13].

stopping creterion is reached), while all the other measures
are well calibrated for the channel. For the Ćoodplains,
again P 2 fails to reach the expected values. However,
the behavior of the calibration with F 4 changes with
that new initial guess. Indeed, while F 4 did not converge
towards the true values for θ

b = [35; 12; 18], it did for
θ

b = [33, 22, 8]. Depending on the initialization, the cost
function may get stuck in a local minimum.

Again, for the initial guess θ
b = [27, 25, 13], P 2 does not

calibrate the model well. For the three other dissimilarity
measures, they have reached the true values. However, for
that initialisation, using NMI required longer to converge
to the true values than for the previous initialisations, and
it seems that 35 iterations is a little too small for a full
convergence.

While the choice of dissimilarity measure is important
for calibrating the model, the initial guess of the pa-
rameters also plays a role. From these three Figures, it
seems that some dissimilarity measures are better suited
for calibrating the model, regardless of the initial guess
for the parameter. Other initial states of the friction
values were tested. Although the exhaustive results are not
visualized in the paper, using NMI seemed more robust
for calibrating this model.

To understand the observed behavior, the variation of
the dissimilarity measure is evaluated as a function of the
variation of the three components of θ. Coupled variations
of the parameters (two at a time) are tested by Ąxing
one of the three parameters of θ. When two parameters
are modiĄed within their range of values (bounds deĄned
previously), the third parameter is Ąxed to its true value
(Ks1 = 30, Ks2 = 20, and Ks3 = 10).

In Figures 9 and 10, the coupled variations of the chan-
nel and the Ćoodplains friction values show that the four
dissimilarity measures have a global minimum. However,
it seems more difficult to Ąnd the global minimum for
P 2 when exploring the parameter space, due to smaller
gradients (especially for the coupled variations of Ks1 and
Ks3). Because of this smaller gradient, it may be more
difficult to converge to the expected friction values on the
Ćoodplains. For the Euclidean distance and for 1 − NMI
the global minimum is clearly identiĄed and corresponds
to the true values. Then, this analysis does not explain the
discrepancy between the automatically calibrated values
and the true values for the Euclidean distance for some ini-
tial states. However, it may be explained by the variations
of all three parameters simultaneously with compensation
phenomena between the right and left Ćoodplains, which
is commonly referred to as the double penalty effect [16].
Furthermore, the uniqueness of a solution of this type
of problem is not mathematically proven (identiĄability
issues), and different sets of parameters can give analogous
results.

V. Conclusions and perspectives

This work investigates the impact of dissimilarity mea-
sures on cost function evaluation in the context of auto-
matic calibration using variational methods. The perfor-
mance of these measures varied signiĄcantly, especially in
calibrating channel versus Ćoodplain friction parameters.
This study underscores the importance of choosing the
right dissimilarity measure to retrieve the appropriate pa-
rameter values, especially for the less sensitive parameters
(e.g., the Ćoodplains in this work). Among the tested
measures, Normalized Mutual Information proved to be
the most robust and efficient for calibration within the
3D-Var framework for this Ćood model, although it may
require more iterations with some initial guesses.

The calibration results are affected by the choice of the
dissimilarity measures, but also by the initial parameter
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Fig. 9: Variation of the four dissimilarity measures as a
function of the coupled parameters Ks1 and Ks2 for Ks3 =
10.
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Fig. 10: Variation of the four dissimilarity measures as a
function of the coupled parameters Ks1 and Ks3 for Ks2 =
20.

guesses. Depending on the Ąrst initial guess of the param-
eter, some dissimilarity measures may or may not achieve
the expected values during the calibration.

Future research should apply these methods to real-
world Ćood events to conĄrm the inĆuence of dissimilar-
ity measures on Ćood model calibration. Another future
research aims at including more noise in the data, since
Ćood maps derived from satellite observations are often
subject to uncertainties. The main hypothesis on the
smoothness of the operator H should be investigated,
and ensemble data assimilation methods may be more

efficient. Practitioners are encouraged to experiment with
various dissimilarity measures, particularly for dense data
with structures such as those from images and satellite
observations, to optimize calibration processes.
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A.2 Data assimilation with Optimal Transport on man-

ifolds

A.2.1 Introduction

Classical implementations of variational data assimilation generally use L2 distances
weighted by the inverse of error covariance matrices. Similarly, most Kalman-based data
assimilation algorithms are formulated in the Euclidean space.

Although effective in addressing discrepancies in amplitude, the Euclidean space is
often inadequate for capturing spatial misalignments. This can be problematic in appli-
cations where the structure and location of physical features, such as the position of a
ŕood front, are critical. As noted by Hoffman et al. [1995], classical norms fail to fully
describe such distortions.

Optimal transport provides a promising alternative through Wasserstein-type dis-
tances, which naturally quantify differences between distributions by accounting for both
mass and displacement. In ŕood modeling, we hypothesize that using a Wasserstein dis-
tance in the data assimilation framework can lead to more accurate corrections of spatial
errors and improve the alignment of water surface predictions with observations.

While data assimilation algorithms are usually derived on Euclidean spaces, we aim
to assimilate probability distributions (or water depth distributions along a cross-section)
on a manifold equipped with Wasserstein distance (Wasserstein spaces) [Panaretos and
Zemel, 2020].

We illustrate the approach on a simpliőed one-dimensional shallow water model gov-
erned by the Saint-Venant equations. In this test case, the model is driven by a spatially
varying friction coefficient, which we aim to infer using observations and prior knowledge
through manifold-based data assimilation.

A.2.2 Data assimilation framework: Manifolds Extended Kalman

Filter

The classical Extended Kalman Filter deőned for Euclidean spaces can be extended to
manifolds. The Manifolds Extended Kalman Filter (MEKF) is described more thoroughly
in Le Ruz et al. [2025]. The algorithm writes starting from a state x0− as:

Initialization
x0− and Π0− = Λ−1

0

Correction - Update

Gn = Πn−Dh(x̂n−)T (R−1 + τDH(x̂n−)Πn−DH(x̂n−)T )−1,

x̂n+ = expx̂n−

(

τGn logH(x̂n− ) y
obs
n

)

,

Πn+ = Px̂n− ,x̂n+
((Id− τGnDH(x̂n−))Πn−)P T

x̂n− ,x̂n+
.

Prediction - Analysis

x̂n+1− = M(x̂n+),

Πn+1− = DM(x̂n+)Πn+DM(x̂n+)T + τQ.

where:

• Π0− is the initial covariance matrix on x0−
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• M is the numerical model

• DM is the tangent of the model

• τ : Time step discretization

• Q model covariance error

• Π covariance error matrix on states

• H is the observation operator

• DH is the observation tangent operator

• R is the covariance observation error

• yobs
n are the measurements at time n

• log and exp are the logarithm and exponential maps on the Riemannian manifold

• Px̂n− ,x̂n+
is the parallel transport between x̂n− and x̂n+

Remark: To implement the algorithm to estimate the state and parameters of the
numerical model on a manifold, the exponential and logarithm maps should be deőned.
The parallel transport between two vectors is computed based on the exponential and
logarithm maps and is described in Guigui and Pennec [2022] for more details. In our
case, the manifold is the space of probability measures (e.g., water depth distributions)
equipped with the Wasserstein distance that will be described in Section A.2.4.

A.2.3 Toy model

To validate the applicability of the Manifolds Extended Kalman Filter (MEKF) for cali-
brating ŕood models, we begin with a simpliőed one-dimensional (1D) test case. Although
our ultimate goal is to address 2D ŕood model calibration, starting with a 1D model allows
us to implement the method in a controlled and simpler setting.

We consider the Saint-Venant equations for shallow water ŕows, solved using a őnite
volume method with an HLLC (HartenśLaxśvan LeerśContact) ŕux solver. We also
incorporate a bottom shear stress term modeled using the ManningśStrickler formulation
to account for bed friction.

A.2.3.1 Governing equations

The 1D Saint-Venant equations are written as follows:






∂h

∂t
+
∂(hu)

∂x
= 0,

∂(hu)

∂t
+
∂
(
hu2 + 1

2
gh2
)

∂x
= −gh∂zb

∂x
− g

u|u|
K2

sh
4/3
,

(A.1)

where:

• h(x, t) is the water depth,

• u(x, t) is the depth-averaged velocity,
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• zb(x) is the bed elevation,

• g is the gravitational acceleration,

• Ks is the Strickler roughness coefficient.

We can write in a more compact form:

∂tU + ∂xF (U) = S(U), (A.2)

where U =

(
h
hu

)

, F (U) =

(
hu

hu2

h
+ gh2

2

)

and S(U) =

(

0

−gh∂xzb − g u|u|
K2

sh
4/3

)

A.2.3.2 Numerical scheme

The equations are discretized using a őrst-order őnite volume approach. The update for
cell averages is written as:

Un+1
i = Un

i −
∆t

∆x

(
Fi+1/2 − Fi−1/2

)
+∆tSi, (A.3)

where Fi±1/2 is the HLLC ŕux computed at the interfaces.

HLLC Fluxes

The HLLC ŕux [Harten et al., 1983] at the interface i + 1/2 is computed based on left
and right states UL = Ui, UR = Ui+1.

Fi+1/2 =







FL, if 0 ≤ c1,
c2F(UL)−c1F(UR)

c2−c1
+ c1c2

c2−c1
(UR −UL) if c1 < 0 < c2

FR, if c2 ≤ 0,

(A.4)

with:
c1 = inf

U=UL,UD

( inf
j∈{1;2}

λj(U)), c2 = sup
U=UL,UD

( sup
j∈{1;2}

λj(U)), (A.5)

where λ1(U) and λ2(U) are eigenvalues of the system.

A.2.3.3 Example of water depth distributions

In Figure A.1, we display an example of the observed water depths h(x, t) for t = 21600s
for two parameterizations of the Strickler coefficient (uniform Strickler in the entire do-
main) and a given inlet discharge. The time step is őxed at 30 s, and the discretization
is set to 500 m with a total of 40 nodes in the domain.

A.2.3.4 Application of MEKF

In this toy problem, the goal is to calibrate the Strickler coefficient Ks(x) using the MEKF
algorithm presented in Section A.2.2, by assimilating observations of water depths h(x, t).
We generate discrete measurements of h in time and space for a given parameterization
of Ks, and the MEKF is used to estimate Ks along with state variables h and u. Then,
in the algorithm deőned in section A.2.2 the control vector x is as follows:

x̂n+ = [ĥ1n+ , · · · , ĥdn+ , û1n+ , · · · , ûdn+ , K̂s
1

n+ , · · · , K̂s
p

n+ ]T ∈ R
N (A.6)

with d the number of nodes in the domain and p the number of friction zones.
As for the observations we have :

yobs
n = [(hobs)1n, · · · , (hobs)dn]T (A.7)
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(a) Input discharge at the inlet.
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(b) Water depth distribution for two Strickler
values Ks = 30m

1/3 · s−1 and
Ks = 25m

1/3 · s−1 at 6 hours.

Figure A.1: Input discharge and water depths simulated by the 1D model for two
Strickler conőgurations.

A.2.4 Optimal transport

To implement the data assimilation algorithm proposed by Le Ruz et al. [2025], the
exponential and logarithm maps associated with the chosen Riemannian metric should be
computed.

A.2.4.1 Monge problem

Gaspard Monge introduced optimal transport theory in 1781 [Monge, 1781]. His initial
assignment was to move rubble in an embankment of the same volume as visualised in
Figure A.2. The displacement of a mass has a cost, so the goal is to minimize the energy
required to move rubble.

Rubble, ρo

Embankment, ρ1

Cost

Figure A.2: Illustration of the Monge problem between two continuous distributions of
same masses.

Let us deőne a quadratic cost c deőned for any couple of points (x, y) ∈ (X × Y):

c(x, y) = ||x− y||22. (A.8)

The movement of mass from the pile of rubble to the embankment can be described by a
transport map T : X → Y , and it induces a transport cost of:

C(T ) =

∫

X
c(x, T (x))dρ0(x). (A.9)

The Monge problem is solved by őnding the optimal transport map T (Monge map) and
deőnes the Wasserstein distance:

W2 = inf
T :T#ρ0=ρ1

C(T ), (A.10)
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where T#ρ0 = ρ1 is the push-forward of ρ0 under T , or T pushes ρ0 towards ρ1.

A.2.4.2 Monge problem between discrete measures

In geosciences, ρ0 and ρ1 are usually discrete measures (e.g., water depth distribution
at the mesh nodes). Let us consider weights a and b with locations x1, ..., xn ∈ X , and
y1, ..., ym ∈ Y respectively then ρ0 and ρ1 reads:

ρ0 =
n∑

i=1

aiδxi
ρ1 =

m∑

j=1

bjδyj (A.11)

The Monge problem aims to push the mass ρ0 to ρ1 by associating each point xi to a
single point in yj with a transport map T : {x1, ..., xn} → {y1, ..., ym} veriőying:

∀j, bj =
∑

i:T (xi)=yj

ai, (A.12)

usually written as T#ρ0 = ρ1 with T#ρ0 =
∑

i aiδT (xi). Then the Wasserstein distance is
deőned as:

min
T

{
∑

i

c(xi, T (xi)) : T#ρ0 = ρ1} (A.13)

For discrete measures, the goal is then to őnd a permutation σ : {1, ..., n} → {1, ...,m}
such that j = σ(i) and

∑

i∈σ−1(j) ai = bj. In Figure A.3, the optimal transport map T
moving x2 to x10 is visualized.

x(m)

W
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th

 (
m

)

x0 x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15 x16 x17

ρ0 ρ1

T(x2)

Figure A.3: Monge transport between two discrete distributions ρ0 and ρ1.

For discrete measures, the weight vectors are not always compatible, and there may
not exist such a transport map T .

A.2.4.3 Kantorovich relaxation

Monge maps may not exist between discrete measures with the same mass. The idea
of Kantorovich is to relax the nature of the transportation by enabling mass splitting
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[Kantorovich, 1942]. The mass at xi can be dispatched across several locations instead
of a single location. In place of a transport map T , a transport plan π ∈ R

n×m, where
πi,j describes the amount of mass moving from position i toward position j. An example
of mass splitting on water depth discrete measures is visualized in Figure A.4 The set of

x(m)

W
at

er
 d

ep
th

 (
m

)

x0 x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15 x16 x17

ρ0 ρ1

π(x2,x10) 

π(x2,x9) 

Figure A.4: Monge-Kantorovich transport plan with mass splitting between two discrete
distributions ρ0 and ρ1.

possible transport plans between ρ0 and ρ1 can be described as:

π(ρ0, ρ1) = {π ∈ R
n×m
+ : π✶m = a and πT

✶n = b}. (A.14)

Kantorovich optimal transport problem then writes:

W2 = min
π∈Π(ρ0,ρ1)

Ci,jπi,j, (A.15)

with Ci,j the cost of moving from position xi to yj. This problem is usually solved
using linear programming, but the optimal transport plan may not be unique. If m = n
and ρ0 =

1
n
(δ(x1), δ(x2), .., δ(xn−1), δ(xn)) and ρ1 =

1
n
(δ(y1), δ(y2), .., δ(yn−1), δ(yn)), then

there exists an optimal solution πσ∗ to the Kantorovich problem, a permutation matrix
associated with an optimal permutation σ∗ solving the Monge problem.

Remark: We aim to compare water depth probability distributions. The weights of the
simulated and observed probability distributions may not be compatible with solving the
Monge problem; therefore, we have chosen to use the Monge-Kantorovich formulation
with mass splitting.

A.2.4.4 Geodesics, Logarithm Map and Exponential Map in Wasserstein
Spaces

The space of probability measures equipped with the Wasserstein distance deőned via the
MongeśKantorovich problem forms a metric space known as the Wasserstein space. We
apply the MEKF on this manifold denoted as W2(R). The exponential and logarithm
maps are deőned for continuous measures on this space.
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Continuous measures Let us consider ρ0 ∈ W2(R
d) and ρ1 ∈ W2(R

d) two continuous
measures. We consider that a Monge map T exists between the two distributions. We can
deőne a curve known as McCann’s interpolant, which deőnes a geodesic with displacement
interpolation between the two distributions [McCann, 1997]:

(ρ0)t = [Id+ t(T − Id)]#ρ0 t ∈ [0, 1]. (A.16)

For this interpolant, we have ρ0 = (ρ0)0 and ρ1 = (ρ0)1. This path deőnes the geodesic
on the Wasserstein space.

Logarithm map The logarithm map enables us to determine the tangent vector at
the initial point, allowing us to transition from one distribution to another. It is deőned
as:

logρ0(ρ1) = T − Id (A.17)

Exponential map Let us consider v a velocity őeld from the tangent space at ρ0,
then:

expρ0(v) = (Id+ v)#ρ0 (A.18)

For continuous measures, McCann’s interpolant can be extended with a transport plan
π, but the logarithm map may not be deőned (to our knowledge).

Discrete measures Let us consider now that ρ0 and ρ1 are discrete probability mea-
sures. We should note that the space of discrete probability measures is not a smooth
manifold. There’s usually no Monge map, only a transport plan π.

Remark: The tangent space seems ill-deőned, and we cannot construct a logarithm
map as for the continuous measures.

Discrete logarithm map In our implementation, we choose the transport plan π to
play the role of the logarithm, encoding the entire direction of movement from ρ0 to ρ1;
however, it is not the "true" logarithm map.

Discrete geodesics From the transport vectors vi:

(ρ0)t =
n∑

i=1

ai δxi+tvi . (A.19)

Note: We encounter difficulty in implementing the MEKF because the logarithm map
on the space of discrete probability measures equipped with the Wasserstein distance (in
Monge-Kantorovich) is not clearly deőned.

A.2.5 Computation of the exponential, logarithm, and parallel

transport on the application case

A.2.5.1 Implementation in the code

We did not őnd a proper deőnition of the logarithm map for discrete measures, but we
have attempted to replicate its behavior using the transport plan π in place of an accurate
logarithm map.

Exponential Map Given a base distribution ρ0 ∈ R
n and a łvelocity őeldž π ∈ R

n×n

representing a transport plan, the exponential map expρ0(tπ) moves the mass from ρ0
along the łdirectionž π, scaled by a parameter t ∈ [0, 1]. Let the base distribution be
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denoted by ρ0 = ((ρ0)1, . . . , (ρ0)n) , and πij denote the mass transported from location xi
to location xj . The pushforward location for each transported element is:

x
(t)
ij = (1− t)i+ tj. (A.20)

Since this position is not necessarily an integer, linear interpolation is used to move the
mass onto the nearest point on the model discretization:

xint = ⌊x(t)ij ⌋
α = x

(t)
ij − xint

. (A.21)

Then, the resulting distribution (ρ0)t after applying the exponential map is updated as:

(ρ0)t[xint] += (1− α)vij, (ρ0)t[xint + 1] += αvij. (A.22)

Logarithmic Map Given a source distribution ρ0 and a target distribution ρ1, the
logarithmic map computes a velocity őeld v such that:

ρ1 = expρ0(v). (A.23)

To compute v, we solve the optimal transport problem:

v = πi,j − Id, (A.24)

where π is the transport plan (solved here using Python Optimal Toolbox [Flamary et al.,
2021]). The diagonal subtraction ensures the mass remaining in place is accounted for,
leading to a transport plan representing the velocity from ρ0 to ρ1.

A.2.5.2 Analysis of the results

We computed the exponential and logarithm maps on the water depth distributions at the
different times of observation based on Sections A.2.4.4 and A.2.5.1. Figure A.5 shows an
example of geodesic and transport map for one of the observation time using two Strickler
values in the domain (Ks = 25m1/3 · s−1 and Ks = 30m1/3 · s−1) for generating the source
and target distributions (observed and simulated water depth distributions).

(a) (b)

Figure A.5: (a) Transport map and (b) geodesics between two water depth distributions
computed with a one-dimensional shallow-water code.

Then, we implemented the parallel transport based on the algorithm in Guigui and
Pennec [2022]. Parallel transport along a geodesic curve transports a vector from the
tangent space at a point to another tangent space at a second point. To test the parallel
transport computation, we computed the logarithm map between a simulation ran with
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target distribution using Ks = 30m1/3 · s−1 and source distribution Ks = 20m1/3 · s−1.
Using the transport map between the two distributions we compute the parallel transport
between a distribution with Ks = 20m1/3 · s−1 and a third simulation with Ks = 25m1/3 ·
s−1. Using the exponential map with the transported vector resulting from the parallel
transport with the distribution generated with Ks = 25m1/3 · s−1 should result in a
distribution which coincide with the target distribution generated with Ks = 30m1/3 ·s−1.
Figure A.6 shows the three distributions and the distribution that used the transport
vector.

The distribution computed with the exponential map from the water depth distribu-
tion generated with Ks = 25m1/3 ·s−1 does not coincide with the water target distribution
generated with Ks = 30m1/3 ·s−1. The application of parallel transport was unsuccessful,
as the logarithm map for discrete measures using the Monge-Kantorovich formulation was
ill-deőned. The logarithm map used in the implementation does not live in the tangent
space of the Wassertein space. Indeed, when taking two transport plans π1 and π2, the
transport plan π = π1+π2 does not result in a transport plan (the mass of the distribution
is not conserved).

0 2500 5000 7500 10000 12500 15000 17500 20000
X (m)

0.2

0.3

0.4

0.5

0.6

W
at

er
 d

ep
th

 (m
)

Ks = 30m1/3 s 1

Ks = 20m1/3 s 1

Ks = 25m1/3 s 1

Transported distribution

Figure A.6: Veriőcation of parallel transport implementation.
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